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Properties of 2 Counterfactual Effect Definitions of a
Point Exposure

W. Dana Flanders* and Mitchel Klein†

Abstract: As recognized for more than 2 decades, the way to define
effects of an exposure may be unclear if the effects are conditional
on occurrence of prior events. Since age-specific rates are inherently
conditional on survival to the age for which rates are calculated,
age-specific rate ratios may be misleading. We consider this problem
in the context of a point exposure and an unmeasured risk factor that
is independent of the exposure, together with potential outcome
models and associated counterfactual effect definitions. The meth-
ods apply to a recurring exposure that “tracks” over time, as well as
to more complicated situations (although additional issues may then
arise). We identify and evaluate 2 seemingly-natural ways that the
population effects of a point exposure might be defined. At least one
definition of the population effects of a point exposure is identifi-
able, while another natural definition is not identifiable. We describe
possible implications of these definitions for the distortion of time-
specific rate ratios that can occur with passage of time. We discuss
interpretation of effects for each definition, and how the definitions
are related to selection bias as recently defined by Hernán et al
(Epidemiology. 2004;15:615–625). We present implications for
study design, and make several recommendations. Problems may be
reduced or avoided by starting follow-up before onset of exposure
and by using survival curves to compare exposed with unexposed.

(Epidemiology 2007;18: 453–460)

Results of epidemiologic studies and clinical trials are often
reported as estimations of effects over time.1 Such esti-

mations can involve age- or time-specific incidence rate differ-
ences or rate ratios, as with proportional hazards models.2

Descriptive studies also estimate age- or time-specific rates
and ratios.

The importance of properly estimating and accounting
for effects over time is illustrated by the recent controversy
surrounding hormone replacement therapy (HRT) in post-
menopausal women.3,4 Here, the apparent benefit of HRT in
reducing risk of cardiac events suggested by observational

studies was contradicted in clinical trials. Subsequently, Pren-
tice et al compared hazard ratios from clinical trials with
those from observational studies in similar populations, and
suggested that discrepancies were largely explained by ap-
propriately accounting for time since initiation of treatment
and by adjusting for confounding.3,4

Important limitations of time-specific measures, such as
rate ratios, are recognized. For example, rate (hazard) ratios
and conditional risk ratios (their discrete counterparts), are
potentially biased estimates of effect if any risk factor is
unmeasured even if initially independent of the exposure.5,6

This bias can be seen to arise because of conditioning on a
collider.6 These and closely-related biases have been dis-
cussed in the context of frailty models7–10 or estimating the
etiologic fraction.11–13 Bias can be severe enough that ob-
served rate ratios are less than 1.0 in later time periods even
if exposure is never beneficial.5–7

Counterfactual reasoning has provided much insight
and furthered understanding of causal reasoning, definitions
of effect, confounding, and bias.1,6,13–15 For a dichotomous
exposure, the counterfactual approach defines the effect of ex-
posure as the contrast in disease occurrence among the exposed
with what it would have been if, contrary to fact, the exposed
had been unexposed. Such definitions are counterfactual
because at least one of the contrasted conditions is contrary to
fact and unobservable.

In this manuscript we use counterfactual reasoning to
explore the biases and limitations inherent in estimating
time-specific effects. We start from fundamentals by consid-
ering the definition of effects. We show that the effects in a
seemingly natural definition are not estimable, and that the
rate ratio can be a biased estimate of those effects, even in an
experiment. An alternative definition yields a population
effect that is validly estimated by contrasts of observable
cumulative risks.

To motivate our consideration of effect definitions, we
start with a hypothetical example patterned after observations
of cardiac events reported from the Women’s Health Initia-
tive that included a randomized clinical trial (RCT) of estro-
gen plus progestin in postmenopausal women.3,4,16

Example
We consider a hypothetical RCT in which half the

participants are randomized to treatment, and the other half to
placebo (Table 1). In this RCT, the numbers of events in the
first period and the hazard ratios for the first 3 periods are
similar to those reported in the WHI clinical trial.16 However,
we have modified the “data” in several ways: the numbers in
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each group are exactly equal initially; additional follow-up is
included so that censoring, (which could introduce additional
complexity2,17) occurs only after 8 years; and the time peri-
ods are equal.

Several measures of association are summarized in
Table 1. The cumulative risk for each time period is the
proportion of each group that has experienced an event during
or before that time period. For example among the treated
individuals, a total of 135 (80 � 55) people had experienced
an event during or before year 3–4, so that the cumulative
risk is 0.0163 (135/8300). Treatment in this example has a
deleterious effect on occurrence of coronary events: cumula-
tive risk is higher and survival is lower at every time among
the treated than among the untreated (ignoring random vari-
ability).

If we were interested in questions such as whether the
treatment continued to have a harmful effect among long-
term users, we might be tempted to compare conditional risks
(conditional risk calculated as the number of events at a given
time divided by the total who were at risk for the event at that
time). Such comparisons might suggest, apart from variabil-
ity, that treatment has become beneficial among those who
survive beyond year 5, since the conditional risk ratio is less
than 1.0 in the last 2 periods (Table 1).

This conclusion could be erroneous as we now show.
These same results could be observed even if treatment had
only harmful effects. We assume exchangeability1,14,15 of the
treated and untreated immediately after randomization. Ex-
changeability means that risks in the untreated group equal
the risks that would have been seen in the treated group had
the latter been (contrary to fact) untreated. In other words, the
untreated group is comparable and provides “substitute” in-
formation.14 Exchangeability is made more plausible by the
randomization, because risk factors should tend to be equally
distributed across treatment groups. Alternatively, we would
reach the same conclusions if the observations for the treated
group represented the expected values, and the observations
for the untreated were the counterfactual expected values
(what would have happened among the treated if they had
been untreated).

We suppose that treatment acted by advancing the time
of the coronary event of some treated subjects, for example “by
an acceleration of events in earlier years among susceptible
women assigned to postmenopausal hormone therapy.”16

Using our exchangeability assumption (and ignoring random
variation), we can see from Table 1 by referring to the
untreated group, that 47 of those treated would have had the
event in the years 1–2 had they been untreated. When num-
bers from the untreated group are applied to the treated group
in this way, the numbers are “counterfactual” since they
pertain to a condition that differs from the condition that
actually occurred.15 The observed treatment effect could be
produced by advancing time of occurrence of coronary events
to earlier times. For example, a shift of 33 of the 44 events
that occurred at year 3–4 to year 1–2 would produce the
observed numbers of events in the treated group at year 1–2
(Table 1). Similarly, an advance of 44 of the 93 events at year
5–6, added to the 11 events remaining at year 3–4, (44–33)
would produce the observed treatment effect (55 events) at
year 3–4, and so forth. We have assumed that treatment has
no effect for all others.

Note that the observed conditional risk ratios are less
than 1.0 for years 5–6 and 7–8, even though treatment has
had only deleterious effects in some and no effects in others.
Further, had an observational study enrolled only those under
treatment more than 4 years, only the latter patterns would be
observed, and all conditional risk ratios would be less than
one, possibly leading to the erroneous conclusion that treat-
ment was beneficial. This design—enrolling some who have
already been exposed for some time—may not be uncom-
mon. For example, the design may be a feature of some
cohort studies, including some studies of postmenopausal
estrogen use.3,18 Age-specific rate ratios at older ages could
potentially suffer the bias described here even in an experi-
ment in which estrogen use had been randomized at an earlier
age. Most case–control studies that seek to estimate age-
specific rate ratios for an early exposure, perhaps with risk set
sampling,19 could also be vulnerable to this bias.

The bias may also be understood by explicitly recog-
nizing that the population is likely to be heterogeneous with

TABLE 1. Example Summary Observations for a Hypothetical Clinical Trial

Measure Treatment Year 1–2 Year 3–4 Year 5–6 Year 7–8

No. events*/No. at risk† Untreated 47/8300 44/8253 93/8209 70/8116

No. events*/No. at risk† Treated 80/8300 55/8220 65/8165 60/8100

Cumulative risk Untreated 0.0057 0.0110 0.0222 0.0306

Treated 0.0096 0.0163 0.0241 0.0313

Risk ratio (cumulative risk) 1.70 1.48 1.09 1.02

Conditional risk (each time point) Untreated 0.0057 0.0053 0.0113 0.0086

Treated 0.0096 0.0067 0.0080 0.0074

Conditional risk ratio 1.70 1.26 0.70 0.86

Number of events advanced by treatment‡ 433 444 416

*Number of coronary events in each period.
†Number at risk for event at start of each period.
‡Number of people in whom treatment advances the time of event by 1 period.

Flanders and Klein Epidemiology • Volume 18, Number 4, July 2007

© 2007 Lippincott Williams & Wilkins454



respect to one or more risk factors: a subset of the population
may have an unmeasured risk factor U, while others do not.
Because of randomization, the risk factor U should initially
be unrelated to the randomly assigned treatment. However,
among those who survive the passage of time, U can become
unequally distributed with respect to treatment because sur-
vival is affected by both treatment and U.6,20 Here, survival is
a common effect of both treatment and U, which is referred
to as a collider in the DAG literature20; conditioning on the
collider will tend to induce an association.5,6,20 This unequal
distribution of U tends to create confounding in later time
periods5,6, and illustrates how measures such as condi-
tional risk ratios can be biased estimators of time-specific
effects.5,9 –12,21,22

In this example, we argued for the existence of possible
bias without explicitly defining the effect of interest. To
understand the bias further, we now explicitly consider this
issue by giving 2 possible effect definitions. Because of
the central role of counterfactual reasoning (accepted by
many14,15,23–25 but not all26), we turn to the counterfactual
perspective to define time-specific effects. We then investi-
gate how the defined effects relate to conditional and other
time-specific risk differences.

Two Counterfactual Effect Definitions
We consider discrete time (say 0, 1, 2, and 3�) and a

dichotomous point exposure received at baseline (time 0). We
give 2 alternative definitions for the effects at time 2, using
counterfactual reasoning. The 2 definitions differ because of
differences in the population of interest, the target popula-
tion,14 each of which is a different subgroup of the exposed
cohort. The definitions are:

Target Population 1 (“Full” Population)
All in the cohort who are exposed at time 0 without

regard to subsequent survival.
Definition 1. The causal risk difference for the time-2 popu-
lation effect of exposure (among the exposed) is the time-2
risk among the exposed in the target population, compared
with what the risk would have been in the target population
had they been unexposed.

Target Population 2 (Surviving Population)
All in the cohort who are exposed at time 0 and die at

time 2 or later (exposed survivors).
Definition 2. The causal risk difference for the time-2 popu-
lation effect of exposure (among the exposed survivors) is the
time-2 risk in the target population (exposed survivors),
compared with what this risk would have been in the target
population had they been unexposed.

Both definitions are clearly stated using counterfactu-
als. In the next section, we define a potential outcome model,
and use it to explore properties of these 2 definitions and
relationships with conditional risk differences.

Potential Outcome Model and Effects
Over Time

We now use a counterfactual (potential outcome)
model to evaluate the implications of these definitions and to

express the defined effects in terms of the model parameters.
(References 1, 15, 25, 27, 28 have useful definitions and
applications). We consider a situation much like that in the
example above—a harmful, dichotomous point exposure,
randomized and given at time 0, with follow-up to identify
deaths at times 1, 2, and 3�. Each individual m has a time of
death Tme that would occur when exposure E � e, for e � 0
and 1, although we can observe time of death only under one
exposure condition. Nine response types are possible (3 death
times for each exposure condition, or 32), as summarized in
Table 2. For example, one possible type is that individual m
would die at time 1 (Tm,1 � 1) if exposed and also if
unexposed (Tm,0 � 1; Type “A,” Table 2). We label the
response types as A, B, . . , or I. To further explicate Table 2
and the potential outcome model, consider another individual,
say n, with response type B (Table 2, line 3). Individual n
would die at time 1 if exposed (Tn,1 � 1) and at time 2 if
unexposed (Tn,0 � 2). Thus, exposure advances time of death
from 2 to 1 for those with response type B. The population
frequency of response type B is pB among the exposed and qB
among the unexposed. Three types (labeled G, H, and I in
Table 2) are excluded by the assumption that E is never
beneficial—which we now adopt. In Appendix 1, we give an
equivalent probabilistic causal model.

To express population effects using the potential out-
come model, we relate these counterfactual response types
for individuals to those in the target population through the
population frequency of each type (eg, the p’s and q’s in
Table 2, similar to the p’s and q’s, in reference 15). In
particular, we now express the causal risk differences corre-
sponding to Definition 1 or 2 in terms of parameters of this
potential outcome model.

Let Ri,j,k denote the risk in target population k at time i,
if E � j, for i, j, and k in {0,1}. Some of the risks are directly
observable and are factual, but those under exposure condi-
tions other than those that actually occurred are counterfac-
tual. Under the potential outcome model, the risk at time 1
among target population 1 (the entire exposed population) is:

R1,1,1 � pA � pB � pC, (1)

and had they been unexposed would be:

R1,0,1 � pA. (2)

Note that we use “p’s” rather than “q’s” in these equations,
since the target population is the exposed.15

The risk at time 2 among target population 1 (the entire
exposed population), is:

R2,1,1 � pD � pF, (3)

and had they been unexposed:

R2,0,1 � pB � pD. (4)

Denote the time-i effect of exposure measured using
risk differences, under definition k by RDi,k, for i and k in
{1,2}. Thus, the population effects of exposure at times 1 and
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2, respectively, under this model among target population 1
(the entire exposed population) are:

RD1,1 � R1,1,1 � R1,0,1 � (pB � pC); (5)

RD2,1 � R2,1,1 � R2,0,1 � pF – pB. (6)

We can also use the potential outcome model to express
the causal risk differences inherent in effect definition 2—for
the surviving population. According to definition 2, the de-
sired contrast is the proportion of the exposed cohort surviv-
ing past time 1 who dies at time 2, compared with the
corresponding proportion if unexposed. The number surviv-
ing time 1 among the exposed (target) is proportional to
pD � pE � pF, so that the proportion of these survivors who
would die at time 2 if exposed is (pD � pF)/(pD � pE � pF).
On the other hand, the number of these same survivors who
would die in period time 2 had they been unexposed is
proportional to pD so that the proportion who would die if
unexposed is pD/(pD � pE � pF). Thus, the time-2 effect
under Definition 2 for survivors past time 1 is:

RD2,2 � (pD�pF)/(pD�pE�pF) � (pD)/(pD�pE�pF) � pF/(pD�pE�pF). (7)

The effect in Equation (7) is inherently conditional,
because it is defined as a risk among the subgroup surviving
the first period. We can also obtain Equation (7) using a
probabilistic causal model in Appendix 1, consistent with an
approach described by Pearl.25

Attempts to define effects using conditional risks as in
definition 2 for survivors, but with the target as the unexposed
who survive time 1, lead to potential inconsistencies. The
possible inconsistency arises because some of those who

would survive time 1 if unexposed may not survive if ex-
posed (by assumption, the exposure is only harmful). Ques-
tions about survival after time 1 might then involve asking
about future mortality of people already deceased. Hernán et
al discussed this issue in the context of administrative cen-
soring, accelerated time failure models and g-estimation.29

Estimation
Having expressed the causal risk differences in terms of

model parameters, we now consider estimation of these
measures from observations of the cohort. We assume that
the cohort is closed, observed from time 0–3, and large
enough that sampling variability is ignorable. Thus, observed
risks equal the corresponding expression as expressed in
terms of model parameters. The target population is either all
the exposed (definition 1) or the exposed survivors (definition
2) in the cohort.

The potential outcome model (Table 2) and the risk
measures (Equations 1–7) derived from it hold in the unex-
posed subpopulation with p’s replaced by the corresponding
q’s. We now assume that the unexposed are exchangeable
with the exposed, so that px � qx for each response type:
A, . . . , F. (In the terminology of Maldonado and Green-
land,14 the unexposed subpopulation provides substitute infor-
mation.)

Using an underline to denote observed risk differences,
the observed time-2 risk difference is: RD2 � pD � pF �
qB � qD. Under the assumption of exchangeability, the
expression simplifies to RD2 � pF � pB, which is the
population effect of exposure at time 2 according to definition
1 for the entire exposed population. Similar conclusions hold
for RD1 so that time-specific effects in definition 1 are
identified.

TABLE 2. Potential Outcome Model for Exposure (E) and Time of Death (T), Assuming Exposure
(E) is Never Harmful

Response
Type

Population
Proportion
for E � 1*

Population
Proportion
for E � 0†

Counterfactual
Death Time‡

for E � 0 or
1: Tm,e

CommentTm,1 Tm,0

A pA qA 1 1 E has no effect

B pB qB 1 2 E advances death from time 2 to 1

C pC qC 1 3 E advances death from time 3 to 1

D pD qD 2 2 E has no effect

E pE qE 3 3 E has no effect

F pF qF 2 3 E advances death from time 3 to 2

G 0 0 2 1 Excluded, E beneficial

H 0 0 3 1 Excluded, E beneficial

I 0 0 3 2 Excluded, E beneficial

*Population proportion for E � 1 is the proportion of the exposed population (E � 1) with each counterfactual response type at
time 0: pA is the proportion with response type A among the exposed, pB is the proportion with type B, and so on.

†Population proportion for E � 0 is the proportion of the unexposed population (E � 0) with each counter-factual response type at
time 0: qA is the proportion of type A among the unexposed, qB is the proportion with type B, and so on.

‡Counterfactual death time, Tm,e, is the time, for individual m, at which death will occur under exposure condition E � e (e � 0, 1). For
example, those of response type U � B would die at time 2 when exposed (T1 � 2) and at time 1 when unexposed (T0 � 1): For those with
response type B, Exposure advances death from time 2 to time 1.
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We now consider estimation of the effects in definition
2 for exposed survivors. The observed (conditional) risk at
time 2 among the unexposed who survive past time 1, still
assuming exchangeability initially and no sampling variabil-
ity, is: (pB � pD)/(pB � pC � pD � pE � pF), and the differ-
ence in observed conditional risks is:

cRD2 � (pD�pF)/(pD�pE�pF) � (pB�pD)/(pB�pC�pD�pE�pF). (8)

Comparing Equation (8), the difference of observed,
conditional risks at time 2, with Equation (7), the time-2
exposure effect under definition 2 for survivors, shows that
the desired effect is not estimated. Conceptually, this occurs
because those who survive past time 1 when exposed differ
from those who survive when unexposed, but definition 2
requires that we contrast risks in the same people (the
target)—those who would survive if exposed. Differences in
the survivors lead to different denominators in Equation (8)
compared with Equation (7).

In the example, one might have thought that the ob-
served conditional risk difference, or its ratio counterpart,
would estimate treatment effects among survivors, as speci-
fied by definition 2. Our results show that the conditional risk
difference and ratio may not estimate such effects.

Thus, effects in definition 1 for the entire population are
estimated by contrasts of the corresponding observable risks,
assuming exchangeability initially and assuming that expo-
sure is never beneficial, whereas those in definition 2 for
survivors are not estimated by such contrasts.

Model Identifiability
Although we can estimate the causal contrasts inherent

in definition 1 with the stated assumptions, all model param-
eters are not identified without additional assumptions—
different parameter values lead to the same observable risks.
In particular, we cannot estimate both pB and pF, the propor-
tions of the unexposed population for whom exposure would
advance time of death from time 2 to 1, and from time 3 to 2,
respectively. For example, observable risks are the same, but pF
differs if either: (pA � 0.10, pB � 0.05, pC � 0, pD � 0.05,
pE � 0.65, pF � 0.15), or if: (pA � 0.10, pB � 0, pC � 0.05,
pD � 0.10, pE � 0.65, pF � 0.10). This nonidentifiability differs
from the single-period situation in which the model is identifi-
able given the assumptions used here—E is never beneficial and
exposed and unexposed subpopulations are exchangeable.15

Nonidentifiability for the multiple-time situation can be under-
stood intuitively by observing that the number of deaths at time
2 among the exposed could be less than the number in the
unexposed merely because exposure served to advance the time
of diagnosis from time 2 to time 1 (as in response type B). Thus,
a relative deficit of deaths may be seen at time 2 among the
exposed, only because some who would have died at time 2
were already dead. Unless we make further assumptions, the
additional complexity and parameters associated with time-
specific effects leads to nonidentifiability of important causal
parameters.11,12,15

Despite the lack of complete identifiability, some
bounds on model parameters are possible11 (assuming, as
throughout, that exposure is not beneficial). For example, if

RD1,1 � 0 (which indicates a deleterious effect at time 1),
then the proportion of cases advanced from time 2 to time 1
is at most RD1,1. If RD2,1 � 0, then direct substitution shows
that the proportion of the population in whom exposure
causes death at time 2, pF, is bounded by:

max(0, RD2,1)�pF�RD1,1�RD2,1. (9)

Limitation of Time-Specific Risk Differences
The observed conditional risk difference (cRD2, Equa-

tion �8�) and corresponding population measure have an
important limitation—the differences can be positive, zero, or
negative, even if the exposure has no effect at time 2.5,6 (This
possibility is easily demonstrated by taking pF � 0, assuring
that E has no time 2 effect among those who would survive
if exposed. Then if pA � 0, pB � 0.10, pC � 0.5, pD � 0.10,
pE � 0.3, and pF � 0, then cRD2 � �0.05. On the other hand,
if pA � 0, pB � 0.15, pC � 0.5, pD � 0.05, pE � 0.3, and
pF � 0, then cRD2 � �0.057. Thus, E has no individual
time-2 effect on disease among survivors, but the conditional
risk difference could be either positive or negative.)

This limitation is partially shared by the (unconditional)
risk difference (Equation �6�). The risk difference can be
either negative or zero when E has no time 2 effect on those
who would survive past time 1 if exposed (pF � 0), as can be
seen by inspection of Equation (6). Thus, measures of time-
specific effects have a limitation not shared by measures of
effects for a single, cumulative time—they can be negative
even if the exposure is never beneficial.

Additional Assumption Leading to
Identifiability

We temporarily adopt the additional assumption that
exposure to E does not influence survival status at time 2 (or
later) of any subject who would survive past time 1 when
exposed. That is, E has no effects on mortality among the
exposed who survive to time 2.

With this additional assumption, pF � 0 and all param-
eters are now identifiable. For example, the observed risk
difference, RD2 now equals �pB, apart from variability.
Others have shown identifiability with alternative assump-
tions (eg, reference 17, which considers informative cen-
soring).

DISCUSSION
It might seem natural to interpret rate ratios at older

ages as estimates of effects among survivors, as in definition
2. For example, we might be tempted to interpret the reduced
associations of obesity,30 smoking,31 or hypertension32 with
mortality at older ages, as implying that the effects of these
factors had diminished or even reversed at older ages. The
counterfactual approach here shows that such rate compari-
sons do not necessarily reflect causal effects among survi-
vors6,11,12 and that a seemingly natural, carefully defined
causal effect may not be estimated by them.

Moreover, the observed “unconditional,” time-specific
risk ratio or difference (Equation �6�) can be in the opposite
direction from the true causal effect. That is, this time-
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specific risk difference, in contrast to cumulative risk differ-
ences, can be negative or zero even if exposure is never
beneficial, similar to the more general limitations noted here and
elsewhere,5,6,9,10 for conditional risk differences or ratios. The
underlying mechanism for bias in conditional measures can
conceptualized as reflecting lack of exchangeability of the ex-
posed and unexposed survivors in the presence of an unmea-
sured risk factor.6 In the potential outcome framework, the
unmeasured risk factor might be viewed as an unmeasured
predictor of specific counterfactual response types. Of course,
conditional risks are the discrete counterpart of hazards so these
limitations have implications for these measures as well.

We have also shown that time-specific, population
causal parameters are only partially identifiable, even assum-
ing initial exchangeability of exposed and unexposed, and
assuming that exposure is only harmful11,12. In particular, we
cannot identify the proportion of the population for whom
exposure would advance time of death from time 2 to time 1.
This situation differs from that in which one considers only a
single time; with multiple times, harmful effects at one time
may seem to appear as a deficit of cases at other times.
Further, we have shown that time-specific effects are identi-
fiable if we additionally assume that exposure has no effect
on those who would survive the first time if exposed. Essen-
tially, this eliminates a parameter (ie, pF � 0), allowing
identification of the remaining parameters of interest. As-
sumptions allowing identification of other time-specific ef-
fects have been reported.11,12

One of the definitions we considered, and perhaps a
particularly natural one (definition 2), is metaphysical in that
it cannot be estimated, even in a perfectly randomized trial of
exposure. This definition specifically targets effects in a
specific group of survivors, but, as noted, the unexposed and
exposed survivors may not exchangeable. Thus, the effect
does not correspond to observable contrasts of exposed and
unexposed, even in a randomized experiment. This reflects a
more general problem in which effects may be difficult to
define or interpret when their existence depends on occur-
rence of prior events, such as time-varying covariates2 or
survival. The other causal definition (definition 1), for the
entire exposed group corresponds to effects that are identifi-
able and directly observable. For a point exposure, definition 1
or contrasts of cumulative risk or survival correspond to effects
typically estimated in randomized trials and in approaches based
on structural models.11–13

To be useful, definitions, models, and effects should be
related to observables. Although effects defined for those
who survive past time 1 (definition 2) may not be directly
observable in a simple, randomized experiment,6,11,12 they
might be observable if, for example, a marker were available
that accurately indicated the response type or an intervention
that could immediately nullify any future exposure effects.
The definition has relevance, however, because it focuses on
effects that one might attempt to estimate in a cohort study in
which subjects were enrolled sometime after a past exposure.
Further, the definition does address research questions such
as: “Would the exposed survivors to time t have been better
off beyond time t if they had been exposed?” However, our

results show that the defined effect is not identifiable without
additional assumptions or other study designs, and that the
difference in observed conditional risks differs from the
defined effect. Thus, the practical utility of defining effects as
in definition 2 is uncertain despite philosophical appeal.
Definition 1, on the other hand, addresses a different research
question that might be phrased as “Would the exposed have
been less likely to die at exactly this time, had they been
unexposed?” It has the virtue of being directly estimable from
well-designed studies.

Our purpose here is to illustrate how definitions of effect
can differ, how they are related to parameters of a potential
outcome model, and how they reflect limitations of time-specific
measures such as the conditional risk difference. We offer
advice for avoiding the associated problems.11,29,33–35

We have considered a particularly simple situation in
which the outcome is all-cause mortality. Additional com-
plexity arises with censoring2,17,29,36 and for other outcomes
such as nonfatal disease. Then, time-specific risks need not
add to 1.0 over the lifetime, competing risks can affect the
risk of disease occurrence, and dependent events can obscure
the true effects of exposure.36 We have also simplified by
considering a point exposure. With an ongoing exposure,
further issues arise, including the possibilities of time-varying
confounding and reverse causality. Analyses may then need
to incorporate a structural model or other approach.17,22,34,37

Despite having treated only a relatively simple case, this
situation can approximate (or actually be) a special case of
the more general. For example, an ongoing exposure could
have effects predominantly at a young age with later expo-
sures having little impact so that effects are approximated by
an early point exposure. Thus, conclusions drawn here have
implications for more complex situations.

These conclusions naturally lead to several practical
considerations and recommendations. First, if a study is
conducted by enrolling only those who were exposed before
the start of follow-up, then all risk measures are inherently
conditional on having survived to the start of follow-up.
Attempts to estimate time-specific effects would be suscep-
tible to the problems noted here, including lack of estimabil-
ity and identifiability.12 These problems may be reduced or
avoided by starting follow-up early, preferably before expo-
sure, and studying associations using a measure other than
conditional risk differences, such as contrasts of cumulative
survival or survival curves. For an ongoing, variable expo-
sure, starting follow-up early might also allow the use of
available approaches, such as one based on structural equa-
tions potentially accounting for time-varying confounding.

This recommendation—to start follow-up at or prior to
exposure—reinforces, perhaps for different reasons, recent
recommendations of Ray38 (referenced by Prentice et al3)
Prentice and colleagues noted that one factor contributing to
discrepancies between results of observational studies and
clinical trials of HRT may have been the enrollment in the
cohort of women who had started HRT long before start of
follow-up. In this case, a deleterious effect present soon after
starting treatment may have been diluted by inclusion of
those who had already been on therapy for some time. Our
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results illustrate that such dilution could be entirely an arti-
fact.16 Perhaps the dilution and discrepancies would have
been less with enrollment of new users, as described by Ray38

and extended by Hernán et al more generally to time-varying
covariates.22

If an early start of follow-up can not be adopted, but the
goal is to estimate effects in the entire population as initially
composed, (in accordance with definition 1), then the exposed
and unexposed may be exchangeable at the time of exposure.
However, they do not necessarily have to be comparable at
the later time after follow-up has begun, as exposure can
induce differences among survivors. That is, for estimating
such effects the conceptual goal of adjusting for confounders
should be to assure exchangeability of exposed and unex-
posed populations at the time of exposure. This goal may be
aided by use of inverse probability of treatment estimators, if
survival probabilities for the initial period and other relevant
information were available. With this approach one could, if
feasible, attempt to reconstruct the initial population. On the
other hand, if the goal is to estimate effects among survivors
as in definition 2, one must realize that the effect may not be
estimable, even in randomized trials of exposure.

In summary, we have described 2 time-specific effect
definitions, and found that one is inherently metaphysical and
defines an effect that is not estimated by contrasts of the
corresponding conditional risks. The magnitude of the dis-
crepancy between this metaphysical effect and the condi-
tional risk ratio or difference is not identified without addi-
tional, unverifiable assumptions. These considerations lead to
the practical advice of carefully defining effects of interest,
starting follow-up before exposure, and using measures such
as survival curves to describe effects so that the limitations
might be avoided.
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APPENDIX
We can equivalently express the potential outcome

model used in the main text as a probabilistic causal model.25

We denote the time of disease occurrence by T � {1,2,3},
specify a dichotomous exposure by E � {0, 1}, and define the
categorical variable U to have a unique value in {A,
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B, . . . , F}. U is an unobserved, “background” variable, such
as the response type in the potential outcome model. We have
omitted an unmeasured factor that determines E, as it is not
used explicitly here. P(U � u) � pu, for u � {A, B, . . . , F}.
We define the function f mapping {U, E} 3 T by:

T � f(U, E) � 1, for (U,E) � {(A,1), (A,0), (B,0), (C,0)},

� 2, for (U,E) � {(B,1), (D,1), (D,0), (F,0)},

� 3, for (U,E) � {(C,1), (E,1), (E,0), (F,1)}.

Relationships are depicted in Appendix Figure 1. With
definition 2, we are targeting those who survive past time 1
when exposed, implying that f(U, 1) �1. These are precisely
those with U � {D, E, F}. The subset of these people who
would die at time 2 if exposed are those with U � D or F.
Thus, the conditional risk is (pD � pF)/(pD � pE � pF), the
corresponding conditional risk in this same group of survi-
vors if unexposed is (pD)/(pD � pE � pF). The contrast for the

effect in definition 2 corresponds to the difference in these
conditional risks, again yielding Equation (7).

A compact expression for these conditional risks is
P(f(U,1) � 2 f(U,1) �1) and P(f(U,0) � 2 f(U,1) �1). We
see that the conditional risk difference does correspond to a
comparison of parameters in this probabilistic causal model,
but that the comparison of observed risks may not correspond
directly to an effect such as that in definitions 1 or 2.

FIGURE 1. Causal relationships: Time to death T, a dichoto-
mous exposure E, and an unmeasured risk factor U.

Flanders and Klein Epidemiology • Volume 18, Number 4, July 2007

© 2007 Lippincott Williams & Wilkins460



ERRATA

Flanders DW, Klein M. Properties of 2 counterfactual effect definitions of a point exposure. Epidemiology. 2007;18:
453–460.

The title of Table 2 should be:
Potential Outcome Model for Exposure (E) and Time of Death (T), Assuming Exposure (E) is Never Beneficial.

The function f in the Appendix should have been defined as:
T � f(U,E) � 1, for (U,E) � {(A,1), (A,0), (B,1), (C,1)},

� 2, for (U,E) � {(B,0), (D,1), (D,0), (F,1)},
� 3, for (U,E) � {(C,0), (E,1), (E,0), (F,0)}.

In addition, the first sentence of the last paragraph of the Appendix should be:
A compact expression for these conditional risks is P(f(U,1) � 2 | f(U,1) � 1 and P(f(U,0) � 2 | f(U,1) � 1.

Akbaraly TN (originally, Akbaraly NT), Hininger-Favier I, Carrière I, et al. Plasma selenium over time and cognitive
decline in the elderly. Epidemiology. 2007;18:52–58.

The name of the first author should be Tasnime N. Akbaraly.

Abstract ISEE-681. Social status of Bulgarian population in the years of economic transition and coronary disease risk.
Epidemiology. 2007:18:S164.

The author names were ordered incorrectly. The correct order of authors is listed here along with their affiliations.
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