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Abstract There is widespread interest in assessing the clinical importance of a study
result. This goal is impeded, however, by a lack of clarity about the biological
interpretability of epidemiological effect measures, such as the relative risk. A
relative risk is often interpreted merely as a measure of some vague statistical
association, without a view toward a biological effect as an object of measure-
ment. Not infrequently, if it is not statistically significant, the relative risk estimate
is ignored completely.

A key to biological interpretation is appreciating the theoretical framework
stipulating that outcome rates derived from 2 comparison groups actually repre-
sent measures of different effects in the same population. For instance, by using
a placebo group to estimate the number of background cases that occurred in the
treatment group, an estimate of the number of excess cases that occurred as a
result of treatment can be made. This kind of biological entity can be derived
from a relative risk, and can be more easily evaluated as to its clinical importance
than a statistical association or a statement about statistical significance. Inter-
pretation then becomes a more directed task, with a focus on the validity of certain
ancillary hypotheses upon which biological interpretability rests.
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The purpose of this paper is to promote the util-
ity of epidemiological effect measures for identify-
ing unintended drug effects. Epidemiological ef-
fect measures, such as a relative risk (RR), are
sometimes viewed only as measures of statistical
association instead of biological measures of
causal effect. This distinction, which derives from
a theoretical framework for measuring causal ef-
fects that has been described in the statistical liter-
ature and, more recently, in the epidemiological lit-
erature,[1-9] is sometimes overlooked even in
formal training in epidemiology. Nevertheless, un-
derstanding a causal effect as a conceptual entity

distinct from a measure of association can help us
sidestep some important pitfalls when study results
are interpreted. For instance, by focusing on the
magnitude of a causal effect, one can more easily
judge that an effect may be clinically important,
even though its relative risk estimate may be small
(e.g. RR <2) and not statistically significant (p >
0.05).

This review is a brief summary of the theoretical
framework for causal effect measurement, and its
application in one particular setting, namely the es-
timation of risks (incidence proportions, average
risks) and excess case load in a randomised con-



trolled trial. To simplify the presentation further, it
has been assumed that preventive effects are ab-
sent. For more detailed discussions and generalisa-
tions to other measures of disease frequency (rates,
time to occurrence) and study designs (non-
randomised studies) readers should consult the ref-
erences provided (Rothman and Greenland[8] pro-
vides an excellent starting point).

1. Effect Measurement

When analysing a phase III clinical trial to as-
sess the efficacy and safety of a new drug, there
might be interest in identifying any unintended ef-
fects that occurred as a result of the new treatment.
An effect might be defined, in this context, as any
occurrences of an illness caused by the drug.[3,8]

The observed cases of an illness that occur fol-
lowing exposure to a drug may be characterised as
belonging to 1 of 2 possible aetiological classes:
background cases for whom the drug was irrelevant
to the occurrence of the disease, and cases caused
by the drug.[3,8] To estimate how many, if any, cases
in the treatment group were caused by the drug
(excess case load), the number of background cases
that occurred in the treatment group must first be
estimated. To achieve this goal, it is necessary to
seek a comparison group that is identical to the
treatment group with regard to the prevalence of
each risk factor other than the treatment. In mea-
suring causal effects, then, the comparison group
can be viewed as a surrogate or proxy for the treat-
ment group under a particular hypothesised expo-
sure effect (e.g. no treatment effect).

It is useful at this point to consider the data from
a hypothetical study shown in table I. In this study,
10 000 people were randomly assigned to receive
the drug and 10 000 people were randomly as-
signed to receive a placebo. After 1 year of follow-
up of these people, 15 cases of a serious illness had
occurred in the treatment group and 8 cases had
occurred in the placebo group. It is assumed that
the study is perfectly valid, in the sense of no meas-
urement error, losses to follow-up, etc., and also
that the risk of disease occurrence in the placebo
group estimates the background risk of disease oc-
currence in the treatment group (occurrences unre-
lated to the treatment). Conditional on these as-
sumptions, the number of background cases that
occurred in the treatment group is estimated by
multiplying the risk in the placebo group by the
denominator in the treatment group. This calcula-
tion gives:

(8 background cases/10 000 people untreated)×
(10 000 people treated) = 8 background cases in
the treatment group

It can never be certain, of course, that the com-
parison group estimates the background risk in the
treatment group; as in all science, inference is con-
ditional on hypotheses that may be criticised and
tested, but which can never proven.[10] By subtract-
ing the risk in the placebo group (8 background
cases) from the risk in the treatment group (15 total
cases), an excess case load of 7 cases caused by the
drug is calculated. These 7 cases constitute a causal
effect of the drug that can be measured either by a
risk ratio (RR) or a risk difference (RD). The risk
difference (attributable risk) measures directly the
excess case load in relation to the underlying pop-
ulation that received the treatment:

RD = (15 cases/10 000 people treated) –
(8 cases/10 000 people untreated) = (7 cases
due to treatment/10 000 people treated)

A more common measure is the risk ratio, or
relative risk, which is described as the ratio of the
risk in the treatment group divided by the risk in
the comparison (placebo) group. Because in esti-
mating causal effects the comparison group repre-

Table I. Data from a hypothetical placebo-controlled trial of a new
treatment

Data Drug Placebo

Number of cases 15 8

Population at risk 10 000 10 000

Risk 0.0015 0.0008

RD 0.0007

RR 1.88

p-value 0.15

Excess case load 7

RD = risk difference; RR = relative risk.
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sents the treatment group under a hypothetical
treatment effect (e.g. no treatment effect), the 2
components of effect measurement share a com-
mon denominator (i.e. the number of people re-
ceiving the drug). When we take the ratio of these
risks, therefore, the denominators of the risks can-
cel, so it is simpler to refer to the numerators (i.e.
cases): the total number of cases in the treatment
group divided by the number of background cases,
or 15/8 = 1.88. For this reason, the relative risk also
is sometimes referred to as the total number of
casesobserveddivided by the number of casesex-
pected, where the expectation refers to the null hy-
pothesis of no treatment effect (i.e. background
cases). While any ratio of 2 risks is a risk ratio and
a measure of association, not every risk ratio also
has a biological interpretation as a measure of
causal effect.

In our example, the excess case load can be de-
rived from the relative risk estimate (RR) and the
total number of exposed cases (a), as follows:

Total cases – background cases = a – (a/RR) = 15 –
(15/1.88) = 15 – 8 = 7 cases caused by the drug

The cases caused by the drug are not observable,
in that there is no empirical way to tell which 7 of
the 15 treated cases were caused by the drug. We
can estimate, however, that the probability that a
treated case was caused by the drug is 7 out of 15,
i.e.≈47%. The ratio of the number of cases caused
by the drug divided by the total number of exposed
cases may be referred to as the excess fraction.[8]

2. Implications

2.1 Both Components of a Causal Effect
Measure Refer to the Same Population

The idea that both components of a causal effect
measure refer to the same population may seem
odd to anyone who has been taught that the relative
risk is simply the risk in an exposed group divided
by the risk in an unexposed group. These appar-
ently conflicting notions are reconciled once it is
recognised that traditional teaching merely de-
scribes the mechanical procedure for computing a

relative risk as a measure of association. Neverthe-
less, causal inference requires that the 2 compo-
nents of effect measurement (e.g. the overall risk
and the risk in the absence of a treatment effect)
refer to the same population.[8] Indeed, when the
comparison group is dissimilar to the treatment
group with regard to extraneous risk factors, the
procedure of dividing the risk in the treatment
group by the risk in the untreated group usually
will not produce a valid measure of causal effect.
In this situation, some form of statistical adjust-
ment, such as standardisation, is needed in order to
estimate the background risk in the target popula-
tion (e.g. the treated group) using the risk in the
comparison (e.g. untreated) group.

2.2 Magnitude of the Relative Risk does 
not Indicate the Magnitude of the Effect

It is common to mistake the size of the relative
risk with the size of the effect.[11] The effect (e.g.
excess case load) is measured directly and in rela-
tion to the underlying population at risk by the risk
difference. The relative risk measures the total
number of cases of an illness among people ex-
posed to a drug divided by the number of back-
ground cases in the same population. In the exam-
ple, the relative risk of 1.88 indicates that the risk
following treatment is about twice the background
risk or, equivalently, that the excess case load due
to the treatment is similar in size to the background
risk.

This background risk, however, could be either
large or small. Small relative risks, therefore, may
correspond to large effects (and vice-versa). Con-
sider that the effect (in terms of excess case load)
of cigarette smoking on the occurrence of heart
disease is generally much larger than the effect of
smoking on the occurrence of lung cancer in the
same population, even though relative risk esti-
mates for lung cancer (e.g. RR = 15) typically are
much larger than relative risk estimates for heart
disease (e.g. RR = 1.5). The reason, of course, is
that the background risk of heart disease is usually
much larger than the background risk of lung can-
cer.
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3. Magnitude of the p-Value Does Not
Indicate the Magnitude of the Effect

The misconception that the p-value is ‘the prob-
ability that the finding is due to chance’[11] induces
investigators to focus unduly on findings with very
small p-values (e.g. results that are ‘statistically
significant’). The inevitable consequence is that we
sometimes overlook clinically important findings
merely because they are not statistically signifi-
cant.[12-21] This is especially true in clinical trials
that lack statistical power to detect rare unintended
treatment effects. The sizable literature on this
topic attests to the need for a reminder of the correct
interpretation of a p-value.

From the data in table I, it is possible to compute
a 2-tailed p-value of 0.15. This p-value indicates
that, if there were no effect of the drug (i.e. if all of
the cases in the treatment group were unrelated to
the treatment), and if each of these patients (and his
or her outcome status) were repeatedly reassigned
at random (with equal probability) to the treatment
group or the placebo group, for large samples, a test
statistic at least as large as was observed would be
obtained in one of the groups in 15% of these ran-
dom allocations. The p-value, therefore, tells us
about the probabilistic performance of the
randomisation procedure; it does not tell us the
magnitude of the drug effect. Indeed, computation
of the p-value under the null hypothesis proceeds
on the assumption that there is no effect of the drug.
Because the p-value is a function of both the size
of the difference in the study and the size of the
study, a small p-value does not indicate a large ef-
fect, nor does a large p-value indicate a small ef-
fect. The magnitude of a causal effect should be
interpreted separately from the magnitude of its p-
value.

4. Conclusion

Viewing epidemiological effect measures as
measures of causal effects rather than mere meas-
ures of association enhances their utility in inter-
preting study results. Consider, for instance, that a
conventional approach to interpretation of a rela-

tive risk from the hypothetical study shown in table
I could perfunctorily dismiss the result as a weak
association that is not statistically significant. By
way of contrast, a causal interpretation of the rela-
tive risk of 1.88 reveals that among the 15 cases of
a serious illness that occurred among 10 000 pa-
tients treated for one year, factors besides the treat-
ment were responsible for 8 cases and the drug
caused an excess case load of 7 cases. The impor-
tance of this estimate can then be evaluated criti-
cally, with a full evaluation considering, among
other things, the likely impact of the allocation pro-
cedure on the result (as indicated, for instance, by
the p-value), as well as the benefits of the treatment
and the risks and benefits of alternative treatments
available.

No single piece of information can provide us
with everything we would like to know about a
study result. A causal interpretation of epidemio-
logical effect measures, however, can be a useful
tool in identifying clinically important effects.
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