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Identifiability and Exchangeability for Direct and 
Indirect Effects 

James M. Robins1 and Sander Greenlandz 

We consider the problem of separating the direct effects of 
an exposure from effects relayed through an intermediate 
variable (indirect effects). We show that adjustment for the 
intermediate variable, which is the most common method of 
estimating direct effects, can be biased. We also show that, 
even in a randomized crossover trial of exposure, direct and 
indirect effects cannot be separated without special assump- 
tions; in other words, direct and indirect effects are not 
separately identifiable when only exposure is randomized. If 
the exposure and intermediate never interact to cause disease 
and if intermediate effects can be controlled, that is, blocked 
by a suitable intervention, then a trial randomizing both 
exposure and the intervention can separate direct from in- 
direct effects. Nonetheless, the estimation must be carried 

out using the G-computation algorithm. Conventional ad- 
justment methods remain biased. When exposure and the 
intermediate interact to cause disease, direct and indirect 
effects will not be separable even in a trial in which both the 
exposure and the intervention blocking intermediate effects 
are randomly assigned. Nonetheless, in such a trial, one can 
still estimate the fraction of exposure-induced disease that 
could be prevented by control of the intermediate. Even in 
the absence of an intervention blocking the intermediate 
effect, the fraction of exposure-induced disease that could be 
prevented by control of the intermediate can be estimated 
with the G-computation algorithm if data are obtained on 
additional confounding variables. (Epidemiology 1992;3:143- 
155) 

Keywords: causality, causal modeling, epidemiologic methods, risk. 

Once it is established that changes in an exposure 
variable affect disease risk, questions often arise as to 
the relative importance of different possible pathways 
for the effect. For example, if one wishes to evaluate 
intervention on smoking in the prevention of cardio- 
vascular disease, one confronts the difficulty of effect- 
ing changes in smoking habit. Thus, from a public 
health point of view, one might ask what fraction of 
smoking's effect could be eliminated by controlling 
(that is, eliminating) all hyperlipidemia through diet 
and/or medication. From a mechanistic point of view, 
one might ask what fraction of smoking's effect is 
"indirect," in the sense of being mediated through its 
effect on serum lipid levels, and what fraction of 
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smoking's effect on risk is "direct" relative to hyperlip- 
idemia, in the sense of being mediated through path- 
ways that do not involve serum lipid levels. We note 
that it is quite plausible that smoking and hyperlipi- 
demia interact to produce clinical cardiovascular dis- 
ease as, for example, if hyperlipidemia produced coro- 
nary artery stenosis, the stenotic artery was blocked by 
a thrombus caused by smoking-induced platelet aggre- 
gation, and the thrombosis resulted in a myocardial 
infarction. 

We will show that when smoking and the interme- 
diate hyperlipidemia do not interact to cause disease, 
the fraction of smoking-induced disease that could be 
prevented by controlling hyperlipidemia will equal the 
fraction of disease attributable to the indirect effect of 
smoking. In the presence of interaction, these fractions 
will differ. 

In Section 1, we show that a common approach to 
estimating direct effects is often biased, in that it can 
yield confounded estimates in both observational epi- 
demiologic studies and conventional randomized trials. 
In Section 2, we show that, even in a randomized 
crossover trial of exposure, direct and indirect effects 
cannot be separated without special assumptions. In 
Sections 3 and 4, we show that if the exposure and 
the intermediate do not interact and if the intermediate 
effects can be controlled, that is, blocked by a suitable 
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intervention, then a trial randomizing both exposure 
and the intervention can separate direct from indirect 
effects. The estimation must be carried out using the 
G-computation algorithm. Conventional adjustment 
methods remain biased. Furthermore, we show that 
even in the absence of an intervention blocking the 
intermediate effect, direct and indirect effects can be 
separated with the G-computation algorithm, provided 
that data are obtained on additional confounding vari- 
ables. 

In Section 5, we show that when exposure and the 
intermediate do interact to cause disease, direct and 
indirect effects will not be separable even in the trial 
in which both the exposure and the intervention 
blocking intermediate effects are randomly assigned. 
Nonetheless, in such a trial, one can still use the G- 
computation algorithm to estimate the fraction of ex- 
posure-induced disease that could be prevented by 
control of the intermediate. 

Our results have implications for the design, analy- 
sis, and interpretation of observational studies. Specif- 
ically, when data are obtained on important confound- 
ing variables, one can use the G-computation algorithm 
to estimate both the total (that is, net) exposure effect 
and the fraction of that effect that could be eliminated 
by control of the intermediate. In the absence of 
interaction between exposure and intermediate, this 
same approach will allow separation of direct and 
indirect effects. In contrast, if exposure and the inter- 
mediate interact to cause disease, direct and indirect 
exposure effects will not be separable even if data on 
confounders are obtained. 

We wish to emphasize the difference between the 
subject matter addressed in this paper and that ad- 
dressed in Ref 1, in which Robins considered the 
estimation of the total (that is, net) effect of a time- 
varying exposure in the presence of covariates that 
were simultaneously confounders for the total expo- 
sure effect and intermediate variables. In contrast, in 
this paper, we consider the estimation of the direct 
and indirect effects of a time-independent exposure. 

1. An Elementary Causal Model for Direct 
and Indirect Effects 
In this section, we will use an extension developed by 
Robins1'7 of a basic causal model we have used 
elsewhere8-14 to illustrate the potential bias in estimat- 
ing direct effects by adjusting for the potential inter- 
mediate. Indeed, we will show that direct and indirect 
effects may not be separately identified even in a 
crossover randomized trial of exposure. The basic 
model has a long history in philosophy and statistics 

and is sometimes known as a "counterfactual model"15 
or Rubin's model.16 Elements of it can be found in 
works by Fisher and Neyman from the 1920s'7; see 
Refs 16-18 for further details. The model can be 
extended to incorporate continuous covariates and 
outcomes (such as survival times), time-dependent co- 
variates, and random outcomes; Refs 1-7 and 11-14 
provide examples. We here limit our examples to 
dichotomous variables and deterministic outcomes; 
this limitation introduces a certain degree of artificiality 
into the examples, but it makes the computations 
transparent. 

Consider an exposure or treatment variable X, dis- 
ease variable D, and covariate Z, all coded 1 = "occurs," 
0 = "does not occur"; level 1 of X represents the study 
exposure, level 1 of D represents the study disease, 
and level 1 of Z represents the potentially intermediate 
cofactor. For concreteness, suppose we have a large 
cohort of male smokers who have agreed to quit 
smoking if they are randomized to a cessation program, 
and who will continue smoking otherwise. Let X = 0 
for those randomized to quit smoking and X = 1 for 
those randomized to continue; for simplicity, we will 
assume that all subjects comply with their assigned 
treatment, although this assumption would not be 
essential for the general theory if one were interested 
in assigned treatment as the study exposure, rather 
than actual treatment.5 Let D = 1 represent cardiovas- 
cular disease, 0 no cardiovascular disease; and let Z = 
1 represent hyperlipidemia, 0 normal serum lipids. We 
suppose that, at baseline, all subjects have normal lipids 
and no cardiovascular disease. To avoid temporal am- 
biguity, we shall suppose that, for all subjects, a single 
serum lipid measurement is made at a time ti after 
randomization, no subject develops cardiovascular dis- 
ease before tl, and the outcome of interest is the 
development of cardiovascular disease by the end of 
follow-up at time t2. 

Fundamental to our causal model is the notion of a 
counterfactual conditional statement.15-l7 Each subject 
in the cohort is observed under one set of circum- 
stances, but we also consider what would have hap- 
pened to the subject under so-called counterfactual 
circumstances-circumstances that, contrary to fact, 
did not occur. For example, to define effects of smok- 
ing, we wish to consider (a) what actually happened to 
smoking subjects, and (b) what would have happened 
to smoking subjects if, contrary to fact, they had quit 
smoking. 

Specifically, for each subject, we wish to consider 
whether hyperlipidemia would occur if he smokes and 
whether hyperlipidemia would occur if he quits; we 
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also wish to consider whether cardiovascular disease 
would occur under each possible combination of 

smoking and serum lipid status. To illustrate, consider 
a subject who continued smoking (X = 1), then devel- 
oped hyperlipidemia (Z = 1), and then developed 
cardiovascular disease (D = 1). The variable that indi- 
cates what the subject's serum lipid status would have 
been if, contrary to fact, he had quit smoking is a 
counterfactual variable; also counterfactual are this 
subject's disease status if (a) he had continued to smoke 
but had not developed hyperlipidemia, (b) he had quit 
smoking but had developed hyperlipidemia, and (c) he 
had quit smoking and had not developed hyperlipide- 
mia. Despite their counterfactual nature, these three 
additional outcome variables are useful for deducing 
the effects of interventions. 

To aid in these deductions, we will cross-classify 
each subject in the cohort into a 2 x 2 x 2 x 2 x 2 x 
2 = 26 table, according to whether or not the following 
statements are true or false for the subject; each state- 
ment is a hypothesis about the response of the subject 
to various (possibly counterfactual) combinations of 
smoking and serum lipid status: 

1) Hyperlipidemia would occur if smoking continues (de- 
noted Z = 1 IX = 1). 

2) Hyperlipidemia would occur if smoking ceases (Z = 1 I X 
= 0). 

3) Cardiovascular disease would occur if smoking continues 
and hyperlipidemia occurs (D = 1 I X = Z = 1). 

4) Cardiovascular disease would occur if smoking continues 
but lipids remain normal (D = 1 I X = 1, Z = 0). 

5) Cardiovascular disease would occur if smoking ceases but 
hyperlipidemia occurs (D = 1 I X = 0, Z = 1). 

6) Cardiovascular disease would occur if smoking ceases and 
lipids remain normal (D = 1 I X = Z = 0). 

Effects of continuing to smoke and of hyperlipidemia 
are defined according to combinations of these state- 
ments. For example, for a given continuing smoker, 
we say that hyperlipidemia is an effect of smoking (or 
smoking caused hyperlipidemia) if Statement 1 is true 
but Statement 2 is false (that is, if hyperlipidemia would 
occur if and only if the subject smoked). Symmetrically, 
we would say that smoking prevents hyperlipidemia in 
a smoker if Statement 2 is true but Statement 1 is false 
(that is, if the subject gets hyperlipidemia if and only if 
he stops smoking). 

In theory, a subject could be classified as one of 26 
= 64 possible types of subject according to which 
combination of the above six statements is true for the 
subject. For simplicity, however, we will assume 
throughout that smoking cannot prevent hyperlipide- 
mia, and neither smoking nor hyperlipidemia can pre- 

vent cardiovascular disease. This assumption means 
that (a) there are no subjects who develop hyperlipi- 
demia if and only if they quit smoking; (b) there are 
no subjects who develop cardiovascular disease if and 

only if they quit smoking; and (c) there are no subjects 
who develop cardiovascular disease if and only if they 
do not develop hyperlipidemia. In other words, we 
assume that certain cells of the 26 table are empty: (a) 
cells for which Statement 1 is false but Statement 2 is 
true are empty; (b) cells for which Statement 6 is true 
but Statement 4 is false are empty, as are cells for 
which Statement 5 is true but Statement 3 is false; and 

(c) cells for which Statement 6 is true but Statement 5 
is false are empty, as are cells for which Statement 4 is 
true but Statement 3 is false. These assumptions reduce 
the number of possible types to 18. 

Until Section 5, we will also assume that smoking 
and hyperlipidemia never compete or interact to pro- 
duce disease. This assumption means that (a) there are 
no subjects who develop cardiovascular disease if and 

only if they both continue smoking and develop hy- 
perlipidemia; and (b) there are no subjects who develop 
cardiovascular disease if and only if they either con- 
tinue smoking or develop hyperlipidemia. In other 
words, we assume that (a) cells for which Statement 3 
is true but Statements 4-6 are false are empty; and (b) 
cells for which Statement 6 is false but Statements 3- 
5 are true are empty. These assumptions further reduce 
the number of possible causal types to 12. These 12 

types are described in Table 1. 
Table 2 gives a formal characterization of these 12 

types in terms of their outcomes with respect to the 
occurrence of hyperlipidemia given smoking and non- 

smoking, and occurrence of cardiovascular disease un- 
der the four possible smoking-serum lipid combina- 
tions. A "1" in a column of Table 2 corresponds to 
the presence of a characteristic, whereas a "0" corre- 

sponds to its absence. As we will discuss below, the 
numbers in parentheses cannot be determined, even 
in a crossover trial, unless one intervenes to alter the 
serum lipid status of subjects. 

From the descriptions in Tables 1 and 2, note that 

a) For Types 3, 5, and 7, smoking would be a direct cause of 
cardiovascular disease. 

b) For Types 2, 4, 5, and 9, smoking would be a cause of 
hyperlipidemia. 

c) For Type 4, smoking would be an indirect cause of 
cardiovascular disease. 

d) For Types 1, 6, 8, 10, and 11, smoking would have no 
effect on either cardiovascular disease or hyperlipidemia. 

If we denote the proportion of the cohort of causal 
type j(j = 0, ..., 11) by pj, it follows that smoking can 
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TABLE 1. Description of 12 Causal Types of Subjects 

Type Description 
0 Hyperlipidemia occurs, unaffected by smoking, and cardiovascular disease occurs, unaffected by smoking 

or hyperlipidemia (Statements 1-6 true) 
1 Hyperlipidemia occurs, unaffected by smoking, and causes cardiovascular disease (Statements 1-3, 5 

true; 4, 6 false) 
2 Smoking would cause hyperlipidemia; cardiovascular disease occurs, unaffected by smoking or hyperlipi- 

demia (Statements 1, 3-6 true; 2 false) 
3 Smoking would cause cardiovascular disease directly; hyperlipidemia occurs, unaffected by smoking, but 

has no effect (Statements 1-4 true; 5, 6 false) 
4 Smoking would cause hyperlipidemia, which in turn would cause cardiovascular disease (Statements 1, 

3, 5 true; 2, 4, 6 false) 
5 Smoking would cause hyperlipidemia, and smoking would cause cardiovascular disease directly; hyper- 

lipidemia has no effect (Statements 1, 3, 4 true; 2, 5, 6 false) 
6 Cardiovascular disease occurs, unaffected by smoking; hyperlipidemia does not occur (Statements 3-6 

true; 1, 2 false) 
7 Smoking would cause cardiovascular disease directly; hyperlipidemia does not occur and would have no 

effect if it did (Statements 3, 4 true; 1, 2, 5, 6 false) 
8 Hyperlipidemia occurs, unaffected by smoking; cardiovascular disease does not occur, and neither 

hyperlipidemia nor smoking would cause disease (Statements 1, 2 true; 3-6 false) 
9 Smoking would cause hyperlipidemia; cardiovascular disease does not occur, and neither smoking nor 

hyperlipidemia would cause cardiovascular disease (Statement 1 true; 2-6 false) 
10 Smoking has no effect on hyperlipidemia or disease; neither hyperlipidemia nor cardiovascular disease 

occurs, although hyperlipidemia, if it occurred, would cause cardiovascular disease (Statements 3, 5 
true; 1, 2, 4, 6 false) 

11 Neither hyperlipidemia nor cardiovascular disease occurs, and neither hyperlipidemia nor smoking 
would cause cardiovascular disease (Statements 1-6 false) 

have no direct effects on cardiovascular disease if P3 = proportions. These proportions are not observable, 
p5 = P7 = 0, and can have no indirect effects if P4 = 0. however; instead (subject to random variation), we 

From Table 2, we can compute the expected pro- observe only the smoking-specific incidence of each 

portions of each type of subject in each of the four combination of Z and D, which are the column totals 
outcome categories (Z = D = 1; Z = 1, D = 0; Z = 0, in Table 3. To understand how Table 3 was con- 
D = 1; and Z = D = 0). Table 3 gives these expected structed, consider Type 5 subjects. Randomization 

TABLE 2. Occurrence of Hyperlipidemia and Cardiovascular Disease Events under Different Conditions for the 
Causal Types in Table 1 

Statement Number (See Text) 
1 2 3 4 5 6 

Cardiovascular Disease Status* If: 

Serum Lipid Status If: Smoker (X = 1) Quitter (X = 0) 

Smoker Quitter Hyper Normal Hyper Normal 
Type (X= 1) (X 0) (Z = 1) (Z = 0) (Z = 1) (Z = 0) 

0 Z = 1 Z= 1 D= 1 D=(1) D= 1 D=(1) 
1 1 1 1 (0) 1 (0) 
2 1 0 1 (1) (1) 1 
3 1 1 1 (1) 0 (0) 
4 1 0 1 (0) (1) 0 
5 1 0 1 (1) (0) 0 
6 0 0 (1) 1 (1) 1 
7 0 0 (1) 1 (0) 0 
8 1 1 0 (0) 0 (0) 
9 1 0 0 (0) (0) 0 

10 0 0 (1) 0 (1) 0 
11 0 0 (0) 0 (0) 0 

In body of table, 1 = statement true (event occurs), and 0 = statement false (event does not occur). Hyper = hyperlipidemia (Z = 1), Normal 
= normal serum lipids (Z = 0). * Outcomes in parentheses are counterfactual (and so remain unobserved) if there is no experimental manipulation of serum lipid status, even 
in a double-blind crossover trial of smoking. 
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TABLE 3. Expected Proportions of Subjects in Each Smoking Cessation Group for Each Combination of Type, 
Hyperlipidemia Status, and Cardiovascular Disease Status, under Randomization of Smoking Cessation 
(X = 0 for Quitters, 1 for Continuing Smokers) 

Smokers Quitters 

Hyper (Z = 1) Normal (Z = 0) Hyper (Z = 1) Normal (Z = 0) 

Type D= 1 D=0 D= 1 D=0 D= 1 D=0 D= 1 D=0 
0 Po Po 
1 Pi Pi 
2 P2 P2 
3 P3 P3 
4 P4 P4 
5 P5 P5 
6 P6 P6 
7 P7 P7 
8 P8 P8 
9 P9 P9 

10 Pio Pio 
11 Pll P11 

Subtotals 711 al1 r10 aIo 011 rol oi oo a000 
Totals IlI = 11o + 11 Io Io = 7ro1 + aOl Ioo = 7roo + o00 

Note: In + Ilo = 1; lot + Ioo = 1. 
Note that only the column totals (7rjk, ajk, and Ijk) are observable. D = 1 if cardiovascular disease occurs, 0 otherwise; Il and Iot are the 
expected incidences of hyperlipidemia among smokers and quitters. Blank entries represent impossible combinations in the examples. 

guarantees that the expected proportion of Type 5 

subjects among smokers would equal that among non- 
smokers: both would equal p5. Type 5 subjects who 
smoke would develop hyperlipidemia (Z = 1) and 
cardiovascular disease (D = 1). In contrast, unexposed 
Type 5 subjects will be normolipidemic (Z = 0) and 
thus will not develop cardiovascular disease (D = 0). 
Table 4 rearranges these totals in the more familiar 2 
x 2 x 2 table format, and Table 5 displays the incidence 

proportions (average risks) in terms of the proportions 
of causal types (the Pi). We note four points about 
these incidence proportions: 

1) The total excess disease incidence (risk difference of car- 
diovascular disease) due to smoking (which we call the 
net, total, or overall effect of exposure) is P3 + P4 + P5 + 

TABLE 4. Expected Numbers for Data Observable in 
a Randomized Trial of Smoking Cessation 
When N1 Are Randomized to No 
Treatment (X = 1) and No Are 
Randomized to Quitting (X = 0) 

Hyperlipidemia Normal 
Smoker Quitter Smoker Quitter 

D = 1 7rlN1 tolNo N rloN1 N rooNo 
D = 0 oaiN1 i 0oNo aloNi aooNo 

Totals Il1N1 IolNo IioNi IooNo 

Incidence R1 = Rol =- Rlo = Roo - 
III o01 11o loo 

P7; because exposure was randomized, this sum equals the 
crude risk difference Ric - Ro,. 

2) The excess cardiovascular disease incidence due to direct 
smoking effects is P3 + p5 + P7- 

3) The excess cardiovascular disease incidence due to indi- 
rect smoking effects (through hyperlipidemia) is p4. 

4) The sum of the quantities in Points 2 and 3 is the quantity 
in Point 1: if only the 12 types in Tables 1 and 2 are 
present, the total smoking effect equals the sum of the 
direct and indirect effects. 

As we discuss later, Point 4 is not true in general: if 
there are subjects for which smoking causes hyperlip- 
idemia and then interacts with hyperlipidemia to cause 
cardiovascular disease, the sum of the direct and indi- 
rect effects can exceed the total excess incidence. 

The following example shows that, without special 
assumptions, neither the excess cardiovascular disease 
incidence due to direct effects nor the excess cardio- 
vascular disease incidence due to indirect effects can 
be validly estimated or even tested by adjusting the 
smoking effect for serum lipid status. 

EXAMPLE 1 

Suppose there are no direct effects, so that p3 = p5 = 

p7 = 0, and that Po = 0.112, Pi = 0.012, P2 = 0.028, p4 
= 0.048, P6 = 0.140, ps = 0.252, P9 = 0.120, Plo = 
0.060, and pi, = 0.228. Then, computing directly from 
Panel II of Table 5, the expected proportions getting 
cardiovascular disease (incidence proportions) will ap- 
pear as follows: 
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TABLE 5. Expected Incidence of Hyperlipidemia (Z = 1) and Cardiovascular Disease (D = 1) under 
Randomization of All Cohort Members to Smoking Cessation (X = 0 for Quitters, 1 for 
Continuing Smokers) 

I. Expected proportions experiencing hyperlipidemia when 
X= 1 : 11= 7rll + ll =Po+ Pl + P2 +P3 +P4 +P5 +P8 +P9 
X = 0: Ioi = roi + o01 = Po + Pi + P3 + P8 

II. Expected proportions experiencing cardiovascular disease when 

Z7= landX= 1: Rl= i PO + PI + P2 + P3 + P4 + P5 Z = 1 and X = 1.: RK- = 
111 P0 4 pl P2 4 P 3 4 P 4 + P5 + P8 + P9 

Z = 1 and X= 0: Ro=- (P o + P3 ) lo0 (Po + P1 + P3 + Ps) 

'o10 (P6 + P7) 
Z = 0 and X = 1: Rio =7o (P6 + P7) 

Ilo (P6 + P7 + Plo + Pll) 

'roo (P2 + P6) Z = 0 and X =0: Roo = 
Ioo (P2 + P4 + P5 + P6 + P7 + P9 + Plo + P11) 

III. Crude expected proportions experiencing cardiovascular disease when 
X = 1 : Ric = rTii + 'rio = I1Ril1 + IloRlo = Po + P1 + P2 + P3 + P4 + P5 + P6 + P7 
X = 0: Roc = Ir1 + 7ro0 = 1oiRoi + IooRoo = Po + Pi + P2 + P6 

Pi is the proportion of cohort members of causal type I (i = 0, .., 11), described in Table 1; 1rik, ajk, and Ijk are the observable proportions 
defined in Tables 3 and 4. 

Expected 
Continued cardiovascular disease 

Hyperlipidemia smoking incidence 

Yes (Z = 1) Yes (X = 1) R11 = 0.200/0.572 = 0.350 
No (X= 0) Rol = 0.124/0.376 = 0.330 

No (Z = 0) Yes (X = 1) Rlo = 0.140/0.428 = 0.327 
No (X = 0) Roo = 0.168/0.624 = 0.269 

Within both levels of serum lipids, smoking is associ- 
ated with an increased risk of cardiovascular disease, 
so that any lipid-adjusted estimate of the smoking- 
cardiovascular disease association (such as the Mantel- 
Haenszel odds ratio or a logistic regression coefficient) 
will in expectation show a positive exposure effect, 
even though there are no direct effects of smoking on 
cardiovascular disease in our example. Likewise, an 
adjusted test of the null hypothesis of no direct effects 
(such as the Mantel-Haenszel test) will be invalid, in 
that the probability of rejection will approach certainty 
as the sample size increases. Furthermore, the expected 
adjusted estimate of effect is close to the expected 
crude estimate, so that one might be tempted to infer 
(incorrectly) that most or all of smoking's effect is 
direct. For example, using the total cohort as standard, 
the expected standardized risk difference would be 
0.040, close to the expected crude risk difference Ric 
- Roc = 0.340 - 0.292 = 0.048. 

Not only is the conventional method of estimating 
direct effects (that is, adjusting for the intermediate 
covariate) biased in the above example, but without 
further constraints it is impossible to obtain a valid 
estimate of either the direct or the indirect effects. In 
contrast, because smoking is randomized, the net effect 

of smoking p3 + p4 + p5 + p7 is unbiasedly estimated 
by the crude risk difference.17'18 

2. Nonidentifiability in a Crossover Trial 
Under the model given above or under more complex 
models, we could still not separate direct and indirect 
effects even if we could conduct a perfect crossover 
trial in which there were no carryover effects (that is, 
in which the results do not depend on the time order 
of the exposed and nonexposed periods of the trial). 
In such a trial, we would observe each subject's re- 
sponses to exposure and to nonexposure, yet we still 
could not identify the causal type of each subject. In 
particular, it can be seen from Table 2 that Type 4 and 
Type 5 subjects would display identical responses to 
smoking (X = 1) and to quitting (X = 0): both types 
would develop hyperlipidemia and cardiovascular dis- 
ease if and only if they continued to smoke, so these 
types would be indistinguishable. Unfortunately, Type 
4 subjects represent indirect effects (P4), whereas Type 
5 subjects represent part of the direct effects (p3 + ps 
+ p7). Thus, even in this ideal setting, direct and 
indirect effects could not be separated. Assuming p5 = 
0 (that is, no Type 5 individuals) would render these 
effects separable in the crossover trial with no car- 
ryover effects, but such an assumption would rarely be 
justified based on available biological knowledge. 

3. Randomization of Cofactor Intervention 
A crossover trial is rarely possible, and, as just shown, 
even such an ideal design will not allow separation of 
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direct and indirect effects without additional assump- 
tions. We now examine some conditions sufficient for 
separation of effects when the intermediate variable (as 
well as the exposure) can be manipulated. 

It is sometimes feasible to control, that is, block, the 
effect of the intermediate cofactor on cardiovascular 
disease via some intervention. For example, hyperlipi- 
demia may be treated with drugs or diet. Randomiza- 
tion of such interventions within exposure levels can 
allow separation of direct and indirect exposure effects 
if only the types in Table 1 are present and the 
intervention is completely effective in preventing ef- 
fects of the intermediate cofactor. 

To illustrate this point, assume that the causal model 
in Tables 1 and 2 holds, and we have a feasible serum 
lipid intervention with the following properties: 

1) The intervention prevents all hyperlipidemia effects but 
has no effect on cardiovascular disease risk other than 
through its effect on restoring normal lipid levels; and 

2) Aside from the intervention's effect, intervention compli- 
ance is not predictive of cardiovascular disease risk. 

These two assumptions may be weakened to be con- 
ditional on any baseline prognostic factors that are 
controlled in the analysis. In a trial in which (a) smok- 
ing cessation was randomized, and (b) the cofactor 
intervention is randomly allocated to subjects in whom 
hyperlipidemia occurs, the expected cardiovascular dis- 
ease incidences among subjects who do not receive the 
intervention would appear as in Table 5. Among sub- 
jects who do receive the intervention, however, and 
thus experience no hyperlipidemia effects, the ex- 
pected incidence among the exposed, R11B, will be 

(Po + P2 + P3 + P5) 

(Po + P1 + P2 + P3 + P4 + P5 + P8 + P9) 

Eq 1 is obtained by dropping pi and p4 from the 
numerator of R1, because Type 1 and Type 4 subjects 
will not get disease if hyperlipidemia effects are pre- 
vented. Similarly, the expected incidence among quit- 
ters who receive the intervention, RO1B, will be 

Po/(Po + Pi + P3 + P8); (2) 
this expression is obtained by dropping pi from the 
numerator of Roi. The two incidences R1B and RO1B, 
combined with those in Table 5, allow one to estimate 
the indirect effect P4, since the latter equals the estim- 
able quantity 

Ill(RI1 - R11B) - IoI(ROI - RO1B); (3) 

this expression is obtained by noting that I11R11 = po 
+ P1 + P2 + P3 + P4 + P5, IllRlB = PO + P2 + P3 + 

Ps, Io0Ro0 = Po + P1, and I01R01B = Po. The direct 
effect of smoking, P3 + P5 + p7, can be estimated as the 
net effect minus the indirect effect, 

R1i - Roc - [Il(R11 - R11B) - IoI(Ro1 - RO1B)] (4) 

EXAMPLE 2 
Consider again Example 1, in which there were no 
direct effects of smoking. We have R1B = 0.140/0.572 
= 0.245 and R01B = 0.112/0.376 = 0.298. Thus, from 

Eq 3, the estimate of the indirect effect P4 is 

0.572(0.350 - 0.245) - 0.376(0.330 
- 0.298) = 0.048, 

and, from Eq 4, the estimate of the direct effect is 
0.048 - 0.048 = 0.000; both estimates are correct. 
Nevertheless, we have seen in Section 1 that simply 
stratifying the observed data on hyperlipidemia status 
would yield a biased estimate. Eqs 3 and 4 are examples 
of the G-computation algorithm described in Refs 1- 
6. 

4. Exchangeability Assumptions for 
Separation of Effects 
In the absence of randomization of the intermediate 
cofactor (hyperlipidemia), it is natural to estimate R11B 
and ROIB from the estimates of R1o and Roo. This 
substitution would yield an unbiased estimate if R11B 
= RIo and ROB = ROO. The latter conditions may be 
restated as the following "partial exchangeability" as- 
sumptions: 

El) The expected cardiovascular disease incidence among 
the smoking normolipidemics equals the incidence that 
the smoking hyperlipidemics would have had if their 
hyperlipidemia had been prevented; 

E2) The expected cardiovascular disease incidence among 
the quitting normolipidemics equals the incidence that 
the quitting hyperlipidemics would have had if their 
hyperlipidemia had been prevented. 

EXAMPLE 3 
In Example 2, R11B = 0.245 $ 0.327 = R1o and RO1B = 
0.298 # 0.269 = Roo, so that El and E2 are violated: 

smpking normolipidemics have a higher risk than 

smoking hyperlipidemics would have if their hyperlip- 
idemia was prevented, and quitting normolipidemics 
have lower risk than quitting hyperlipidemics would 
have if their hyperlipidemia was prevented. Substitu- 
tion of R1o and Roo for RUB and ROlB in Eq 4 thus yields 
the biased value of Rio - Roo = 0.327 - 0.269 = 0.061 
for the direct effect. If El and E2 had been true, 
smoking were randomly assigned, and smoking and 
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hyperlipidemia do not interact to cause disease, then 
the stratum-specific risk difference in both the hyper- 
lipidemics and normolipidemics would have been equal 
to the direct effect of exposure, that is, R1l - Ro = Rlo 
- Roo = P3 + P5 + P7- 

Without randomization, one must fall back on cer- 
tain exchangeability assumptions to identify the effects 
of interest.6 To identify the net (total) effect of smoking 
in the single 2 x 2 table that ignores hyperlipidemia, 
we must assume that the exposed and unexposed 
groups are exchangeable (comparable), that is, that the 
cardiovascular disease incidence among quitters equals 
the incidence that the smokers would have had if they 
had quit. Note, however, that to identify direct and 
indirect effects, one needs El and E2 in addition to 
the assumption of exchangeability of the exposed and 
nonexposed. Thus, one can have confounding for the 
direct effects but not the net effects. (It is also theoret- 
ically possible to have confounding of the net effects 
but not the direct effects.1-3) 

EXPLANATORY COVARIATES (CONFOUNDERS) 
Let us return now to our initial study design, in which 

only the exposure (continued smoking) was random- 
ized, and in which stratification on the intermediate 
(hyperlipidemia) produced a biased (confounded) esti- 
mate of direct effect because the exchangeability as- 
sumptions El and E2 were violated. Ordinarily, one 
attempts to explain confounding by attributing nonex- 
changeability to the effects of additional covariates that 
predict risk (given exposure status) and are imbalanced 
across comparison groups. We will show that it is 
possible to explain the phenomenon we describe in 
these terms; nevertheless, one should note three prop- 
erties of such explanations: 

1. Such explanations are not unique, in that there are poten- 
tially an infinite number of ways in which uncontrolled 
covariates may be related to the observed study variables 
(here, smoking, hyperlipidemia, and cardiovascular dis- 
ease) and produce exactly the same bias and the same 
observed distribution of the observed study variables. This 
property is shared by confounding in the estimation of 
net effects8; for example, a moderate degree of confound- 
ing might be produced by exposure being strongly asso- 
ciated with a moderate risk factor or weakly associated 
with a strong risk factor. 

2. For estimating direct and indirect effects, the confounders 
may be postexposure covariates and thus may themselves 
be affected by exposure. In particular, the confounders 
may themselves be biological intermediates that precede 
the study intermediate (here, hyperlipidemia) in the causal 
pathway from exposure to disease; or they may be selec- 
tion effects of exposure, such as leaving work.'-4 

3. If the confounders are identified and measured but are 

themselves affected by exposure, then simple stratification 
on the confounders will generally not suffice to control 
confounding; instead, one will have to resort to the G- 
computation algorithm,1-6 special applications of which 
are given by Eq 3 above and Eq 5 below. 

Properties 2 and 3 do not arise in the simple case of 
estimating the net effect of a point exposure, but they 
do arise in estimating the effects of a sustained expo- 
sure. 17 

The general form of the G-computation algorithm 
requires a more complex structure than we have de- 
veloped here, but an illustration of Properties 2 and 3 
above is given in the following extension of Example 
1 to include a three-level covariate C = 0, 1, or 2, 
which smoking elevates in some (but not all) subjects 
and is antecedent to hyperlipidemia. We caution that 
this example shows but one of many ways in which a 
covariate C could explain the bias seen in the stratified 
result in Example 1, and it was contrived solely to limit 
the numerical complexity of illustrating Points 2 and 
3; realistic examples can become quite complex (see, 
for example, Robins2-7). 

EXAMPLE 4 
Suppose that the 12 types listed in Tables 1 and 2 can 
be subclassified into six subtypes according to the 
subject's C status when smoking and when quitting: 

Subtype 
1 
2 
3 
4 
5 
6 

C status if 

Smoker 
2 
2 
2 
1 
1 
0 

Quitter 
2 
1 
0 
1 
0 
0 

Note that quitting never elevates C. Let pik denote the 
proportion of Type i subjects of Subtype k (for exam- 
ple, P43 is the proportion of subjects for whom smoking 
produces cardiovascular disease via the hyperlipidemia 
pathway and for whom C = 2 if they smoke but C = 
0 if they quit). Of the 72 possible Pik (i = 0, ..., 11, k 
= 1, ..., 6), assume all are zero except: 

Pik = 0.004 for i,k = 1,2; 1,4; 1,6; 2,3; 2,5; 
0.016 for i,k = 0,3; 0,5; 4,2; 4,4; 4,6; 
0.020 for i,k = 2,1; 6,3; 6,5; 10,2; 10,4; 10,6; 
0.060 for i,k = 9,3; 9,5; 11,3; 11,5; and 

Po.i = 0.080, P6,1 = 0.100, P11,6 = 0.108, P8,6 = 0.252. 

The reader may verify that summing these numbers 
across the subtype index k gives back the distribution 
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of types in Example 1, for example, EkP4k = 0.048 = 

P4, and that, as in Example 1, the only effects of 
continued smoking are mediated through hyperlipi- 
demia (that is, since there are no type 3k, 5k, or 7k 
subjects, there are no direct effects of smoking). 

If we randomize smoking cessation, the expected 
proportions within each smoking group will appear as 
in Table 6. Smoking appears protective in all but one 
CZ stratum; upon performing an ordinary stratified 
analysis across the six subtables in Table 6, we would 
obtain a risk difference (standardized to the total dis- 
tribution) of -0.167. In this example, however, smok- 
ing is never preventive, and so the conventional ap- 
proach is biased. The reason that the ordinary stratified 
estimate is biased is because exposure affects the level 
of C. For example, the risk of C = 2 among smokers 
is 0.20 + 0.20 = 0.40, whereas the risk of C = 2 among 
quitters 0.08 + 0.12 = 0.20. 

Let Ijmn be the expected proportion in stratum level 
(m,n) (that is, C = m, Z = n) when X = j. Let Rjmn be 
the expected disease incidence among subjects at level 
X= j, C = m, Z = n and let RjmnB be the expected 
disease incidence among subjects at level X = j, C = 
m, Z = n if the effect of hyperlipidemia were blocked. 
Note Rjmo = RjmOB since subjects in stratum (j,m,0) are 

normolipidemic). Then indirect effects p4 = EkP4k are 
given by 

EmIlml(Rlml - RimlB)- EmIOml(ROml- ROmlB) (5) 

and direct effects are given by 

(Ric - Roc)- [mIlml(Rlml - RlmlB) 

- ~mIOmi(Roml - ROmlB)] 

= XmZn(IlmnRlmnB- IOmnROmnB) 

(6) 

This is a generalization of Eqs 3 and 4 to the stratified 
case. 

Now, computing from the pik given earlier, one may 
directly verify that within levels of C and the exposure 
X, the counterfactual incidences RjmiB equal the actual 

expected incidences Rjmo among normolipidemics; in 
other words, the exchangeability assumptions El and 
E2 hold within strata of C. Substitution of the numbers 
from Table 6 into Eq 5, under the assumption RjmiB = 

Rjm0, thus yields the expected estimate of the indirect 
effect 

p4 = 0.2(0.7 - 0.6) - 0.08(1 - 1) 

+ 0.1(0.4 - 0.2) - 0.008(1 - 0) 

+ 0.272(0.735 - 0) - 0.288(0.125 - 0.111) 

= 0.048, 

as it should. Consequently, the expected estimate of 
the direct effect is zero (since it equals the expected 
crude estimate of 0.048 minus the expected indirect 
effect estimate of 0.048). This illustrates how the G- 

computation algorithm can be used to control con- 

founding of direct and indirect effects. 
If, within joint strata of X and C, the risk of cardi- 

ovascular disease among controlled (blocked) hyperli- 
pidemics equals the risk among normolipidemics (so 

TABLE 6. Expected Proportions (Incidences) for Randomized Trial in Example 4 

Proportion at CZ 
Level mn Given 
X Level j (Ijmn) 

0.200 
0.200 
0.100 
0.100 
0.272 
0.128 

1.000 

0.080 
0.120 
0.008 
0.072 
0.288 
0.432 

1.000 

Cardiovascular Disease 
Incidence at CZ Level 
mn Given X Level j 

(Rjmn) 

0.700 
0.600 
0.400 
0.200 
0.0735* 
0 

Rlc = 0.340 

1 
1 
1 
0 
0.125 
0.lllt 

Roc = 0.292 
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Smoking 
Status 
X= 1 

0 

Level 
of C 

C=2 

1 

0 

2 

1 

0 

Level 
of Z 

Z=1 
0 
1 
0 
1 
0 

1 
0 
1 
0 
1 
0 

* 
5/68 exactly. 

t 1/9 exactly. 
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that assumptions El and E2 hold within strata of C 
and thus RjmlB = Rjmo), Eq 5 for indirect effects and Eq 
6 for direct effects simplify to 

Em[Ilm(Rlm - Rim) )- Iom(Rom- Romo)] (5') 

and 

Zm(IlmRlmo - IomRomo) (6') 

where Ijm is the expected proportion of subjects with 
X = j who have C = m, and Rjm is the expected rate 
of disease in subjects with X = j and C = m. The 
expected proportions in Eq 5' and Eq 6' can be 
unbiasedly estimated from the observed data by the 
corresponding sample proportions. 

If, in addition, exposure had not affected the level 
of C (that is, Iim = lo = Im), Eq 6' would reduce to 
Xmlm(Rlim - Romo), which is, among the normolipidem- 
ics, the expected standardized risk difference standard- 
ized to the distribution of C among the normolipidem- 
ics. 

5. The Effect of Interactions 
If exposure and the cofactor interacted (in the sense 
of Ref 10) to cause disease, then the G-computation 
algorithm Eqs 3 and 4 no longer give indirect and 
direct effects even in the randomized cofactor-inter- 
vention trial of Section 3. To see this, consider the 
following causal type. 

12) Hyperlipidemia occurs unaffected by smoking, and then 
smoking and hyperlipidemia interact to cause disease 
(Statements 1-3 are true, Statements 4-6 are false). 

Hyperlipidemia and cardiovascular disease occurrence 
for this type would be as given in the first row of Table 
7. Note that Type 12 cannot represent an indirect 
effect of exposure since, by definition, there is no 
causal pathway from exposure to the cofactor (since 
the cofactor hyperlipidemia occurs whether or not a 
subject is exposed). Thus, the exposure effect in Type 
12 subjects is direct. Suppose the whole population 
were composed of Type 12 individuals, and the ran- 
domized cofactor-intervention trial of Section 3 were 
carried out. In such a trial, Eq 3 equals 1. To see this, 
note that both Il = 1 and Ioi = 1, since hyperlipidemia 
occurs irrespective of exposure. Furthermore, R1l = 1 
but R11B, R01, and ROIB are 0, since disease does not 
occur except in hyperlipidemic smokers. Eq 3, there- 
fore, no longer estimates the indirect exposure effects. 
Nonetheless, Eq 3 still estimates the smoking effect 
that could be eliminated by controlling (all) hyperlipi- 
demia, and Eq 4 estimates the exposure effect that 
would remain once hyperlipidemia were controlled. 

For Type 12 subjects, the smoking effect that could be 
eliminated by controlling hyperlipidemia does not 
equal the indirect effect of smoking, because the effect 
of smoking on cardiovascular disease can be blocked 
by controlling hyperlipidemia even though smoking 
does not cause hyperlipidemia. 

When the smoking effect that could be eliminated 
by controlling hyperlipidemia differs from the indirect 
effect of smoking, it is the former effect that would be 
the parameter of public health interest whenever (1) 
there exists a public health intervention that controls 
hyperlipidemia (for example, prescription of a choles- 
terol-lowering drug or diet), but (2) there is no inter- 
vention that specifically blocks exposure's effect on 
elevating serum lipids. On the other hand, if there was 
no intervention available that could directly lower 
serum lipids, but there was a drug that would specifi- 
cally block smoking's ability to elevate lipid levels, then 
it would be the indirect effects of smoking that would 
be the parameter of public health interest. 

We have seen that the G-computation algorithm 
Eqs 3 and 4 can fail to estimate the indirect and direct 
effects of exposure even in the randomized cofactor 
intervention trial of Section 3. Is there some other 
computational formula that can estimate the direct and 
indirect effects in such a trial? We will show that there 
is no such formula. That is, direct and indirect effects 
are not identifiable in this trial. To do so, we require 
a more careful definition of direct and indirect effects. 
Specifically, we need to distinguish pure indirect ef- 
fects from total indirect effects. Consider the following 
causal type: 

13) Smoking would cause hyperlipidemia, and then smoking 
and hyperlipidemia would interact to cause disease (State- 
ments 1 and 3 true; Statements 2 and 4-6 false). 

Hyperlipidemia and cardiovascular disease occurrence 
for this type would be as given in Table 7. Disease in 
type 13 subjects is a result of both direct and indirect 
exposure effects. If, as we continue to assume, exposure 
never prevents disease or competes to cause disease, 
then Types 4 and 13 represent all possible indirect 
effects of exposure. Type 4 represents the pure indirect 
effects. Type 4 plus Type 13 represent the total indirect 
effects. 

We now show that one may be unable to identify 
the total indirect effects from our randomized cofactor 
intervention trial. Consider two populations. The first 
population is equally divided between Types 8, 9, 12, 
and 13. Since Types 8 and 9 represent no exposure 
effect, Type 12 represents direct effects, and Type 13 
represents indirect effects, we would have one-quarter 
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of this population with indirect effects. The second 
population is composed of only Types 9 and 12, each 
in equal proportion, so there are no indirect effects. 
Nonetheless, the two populations would produce ex- 
actly the same expected data in the randomized cofac- 
tor interaction trial of Section 3. The reader can check 
this using Tables 2 and 7. It follows that there can be 
no estimator that can identify the total indirect effects 
in this trial. If we define the pure direct effects to be 
the total exposure effects minus the total indirect 
exposure effects, then it immediately follows that we 
cannot identify the fraction of the total effects that are 
pure direct effects either. 

Next, define the total direct effects to be the total 

(net) effect of exposure minus the fraction of pure 
indirect effects, that is, minus the fraction of Type 4 
subjects. Note that Type 13 subjects contribute both 
to the total direct and total indirect effect, so that the 
sum of the total direct plus total indirect effect will 
exceed the total exposure effect if Type 13 subjects are 

present. We now show that we may be unable to 
identify (that is, separate) either the pure indirect effect 
of exposure or the total direct effect in our randomized 
cofactor intervention trial. Consider two populations. 
The first is equally divided among Types 4, 10, 13, and 
14, where Type 14 is as defined in Table 7. The second 

population is composed of only Types 10 and 13 in 

equal proportion. The two populations would have 
the same expected outcomes in the randomized cofac- 
tor intervention trial, and yet only the first population 
has Type 4 subjects. 

These nonidentifiability results are not so troubling 
when we again recall that the parameter of public 
health interest would usually be the smoking effect 
that could be eliminated by controlling hyperlipidemia, 

that is, (p4 + P12 + P13). In our randomized cofactor 
intervention trial, P4 + P12 + P13 can still be estimated 
by Eq 3 (see Robins1-7). Furthermore, even if there is 
no intervention on the cofactor, if we can find a 
covariate C such that El and E2 are satisfied within 
strata of C and the exposed and unexposed are ex- 
changeable, then (P4 + P12 + P13) can be estimated using 
the G-computation algorithm Eq 5 or Eq 5'. 

We wish to caution the reader who plans to consult 
Refs 1-7 that the definition of the direct effect of 
exposure used in this paper differs from that in Refs 
1-7. Specifically, what we have called the "exposure 
effect that would remain once the intermediate hyper- 
lipidemia was controlled" was called in Refs 1-7 "the 
direct effect of exposure controlling for the interme- 
diate Z when Z is fixed at (i.e., controlled to be) 0." 
What was called in Refs 1-7 "the direct effect of 
exposure controlling for the intermediate Z when Z is 
fixed at 1" is the exposure effect that would been 
observed if all study subjects were made hyperlipi- 
demic. 

It can be shown that we could separately identify 
the pure and total direct and indirect effects if we have 
data available from a crossover trial with no carryover 
effects in which both exposure and the cofactor inter- 
vention are randomly assigned in both time periods. 
Even without randomization, we could identify direct 
and indirect effects in such a crossover study provided 
both that data on appropriate confounders were avail- 
able and that there were no carryover effects. Of 
course, we would rarely have data from such a study. 
Separation of direct from indirect effects requires a 
crossover study without carryover effects because of 
the need to differentiate those exposed hyperlipidemics 
whose hyperlipidemia is attributable to smoking from 

TABLE 7. Occurrence of Hyperlipidemia and Cardiovascular Disease Events under Different Conditions for the 
Causal Types 12, 13, and 14 

Statement Number (See Text) 
1 2 3 4 5 6 

Serum Lipid Status If: Cardiovascular Disease Status* If: 
Smoker (X = 1) Quitter (X = 0) 

Smoker Quitter Hyper Normal Hyper Normal 
Type (X= 1) (X=0) (Z = 1) (Z = 0) (Z = 1) (Z = 0) 

12 1 1 1 (0) 0 (0) 
13 1 0 1 (0) (0) 0 
14 0 0 (1) 0 (0) 0 

In body of table, 1 = statement true (event occurs), and 0 = statement false (event does not occur). Hyper = hyperlipidemia (Z = 1), Normal 
= normal serum lipids (Z = 0). * Outcomes in parentheses are counterfactual (and so remain unobserved) if there is no experimental manipulation of serum lipid status, even 
in a double-blind crossover trial of smoking. 
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those whose hyperlipidemia is not. That is, we need 
to estimate the joint distribution of the variable rep- 
resenting lipid status under exposure and the variable 
representing lipid status under nonexposure. To do 
so, it is necessary to observe the same subject both 
under exposure and nonexposure. 

When the exposure and/or intermediate can also 
prevent disease or compete to cause disease, the total 
indirect effect of exposure is defined to be the expected 
proportion developing disease in the exposed minus 
the expected proportion in the exposed had exposure's 
effect on the intermediate Z been blocked (that is, had 
Z remained at its unexposed value); the total direct 
effect of exposure is the expected proportion devel- 
oping disease in the exposed minus the expected pro- 
portion in the exposed when unexposed but with Z 
remaining at its exposed value. The pure direct (indi- 
rect) effect of exposure is the total exposure effect 
minus the total indirect (direct) effect. 

Conclusion 
When exposure and the intermediate Z interact to 
cause disease (that is, there are subjects of Types 12, 
13, and 14), we cannot hope to separate direct from 
indirect effects, with the possible exception of certain 
crossover studies with no carryover effects. Nonethe- 
less, standard adjustment for or stratification on the 
intermediate will allow us to estimate the exposure 
effect that would remain after control of the interme- 
diate, provided that the exposed and nonexposed are 
exchangeable and the additional exchangeability as- 
sumptions El and E2 hold. 

Assumptions El and E2 may hold only within levels 
of a covariate (that is, confounder) C that occurs before 
the intermediate Z but subsequent to exposure. In this 
case, the exposure effect that could be eliminated by 
control of the intermediate can be estimated using Eq 
5' if the exposed and unexposed are exchangeable as 
well. Furthermore, the exposure effect that would 
remain after control of the intermediate can be esti- 
mated using Eq 6'. In fact, Eqs 5' and 6' can be used 
validly to estimate these effects regardless of the mech- 
anism by which exposure and the intermediate jointly 
affect disease. For instance, estimation validity is not 
compromised even if exposure, the intermediate, or 
both, prevent disease in some subjects.1-7 In contrast, 
conventional simultaneous adjustment for both the 
confounder C and the intermediate will be biased if C 
is itself affected by exposure. 

In the presence of interaction, it is the potentially 
estimable parameter-the fraction of the exposure ef- 
fect that could be eliminated by control of the inter- 

mediate-that usually will be the parameter of public 
health interest, and not the nonidentifiable parameter, 
the fraction attributable to the indirect effect of expo- 
sure. 

Implicit in the very definition of the "causal effect 
of exposure" used in this paper is the assumption that 
if an event (for example, the presence of hyperlipidemia 
at ti) would have occurred both under exposure and 
nonexposure, then exposure was not a cause of the 
event. We made this assumption even though we 
recognize that the exposure could have affected the 
time at which hyperlipidemia first occurred and yet 
hyperlipidemia would be present at ti regardless of 
exposure."1-"4 We conclude with several comments 
regarding this assumption. First, even if exposure 
causally influenced the time at which hyperlipidemia 
develops, it is perfectly logical to say that exposure had 
no effect on the dichotomous event, the presence or 
absence of hyperlipidemia at ti. Nonetheless, we agree 
that, in principle, it is usually preferable to consider 
the causal effects of an exposure in terms of expo- 
sure's effect on the occurrence time of an event.-1114 
Robins2-7 provides a rigorous treatment of direct and 
indirect effects based on a general causal model for the 
effect of an exposure on time to occurrence. In this 
paper, however, we chose to use a simple causal model 
with dichotomous intermediate and outcome variables, 
because the simple model retains the essential logical 
and philosophical details of the more general causal 
model, and yet avoids the mathematical complexities 
of the general model. 
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