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The randomized trial design can be thought of as a
means to answer 2 types of general questions: 1) what is
the effect of assigning a treatment?; or 2) what is the
effect of receiving a treatment?
In public health, we are normally concerned with the
ﬁrst question—the effect of assigning a treatment. If we
implement a prevention or treatment program that is
efﬁcacious only under strict research conditions but
people in the real world would not receive it for any
possible reason, the program will not be effective. This
real-world context is termed the “average causal effect”
of assigning treatment and is best estimated by the
intention-to-treat (ITT) analysis, where participants are
analyzed according to the group to which they were
assigned.1-3 It has become the generally recommended
approach for randomized trials.4
The ITT analysis estimates the average causal effect
of assigning treatment to individuals, regardless of
whether or not they adhered to the treatment. This
represents a diluted effect when compared with what
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the effect of the treatment would have been had all
participants adhered to their assigned treatment. In
other words, the ITT is biased toward the null with
respect to the average causal effect of the treatment in
the population. Therefore, a different analysis is
required if one wants to know the actual average causal
effect of receiving a treatment, as opposed to the
average causal effect of being assigned a treatment. In
this article, we describe contexts when the ITT is not
appropriate and why, and identify appropriate alternative analyses.
There are 2 reasons why the average causal effect of
receiving a treatment may be more important than the
ITT for some people. First, even in the public health
domain, investigators may want to know what the
average causal effect of a treatment program would be
if they could improve participation in the program. For
example, an ITT analysis might suggest that a vaccination treatment program was ineffective or minimally
effective. However, in reality, the treatment program
was very effective in the participants who received it,
but the implementation of the program was inadequate.
In this context, investigators may want to focus attention on improving adherence rather than on improving
the vaccine. Also, the average causal effect of receiving
a treatment is of primary interest to a patient deciding
whether or not to take the treatment as recommended.
This decision should be based on the probability of
beneﬁt if they take the treatment, or if they do not take
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the treatment. Providing a patient with information
the proportion of adherence in the novel treatment
about the average causal effect of being assigned a
group is 100% and the proportion of adherence in the
treatment (ie, the ITT analysis) may not be very helpful,
usual care treatment group is 50%. An ITT analysis of
especially because such an average will vary widely
these data would suggest the novel treatment is twice as
among different implementation contexts even when
effective as the usual care treatment. Although the ITT
the treatment effect is constant.
analysis is correct with respect to the effect of assigning
Because the ITT represents
treatment to the entire populaa diluted effect compared with
tion on average, individual paPERSPECTIVES VIEWPOINTS
the average causal effect of
tients who would adhere to the
receiving a treatment, it is
 Clinicians need to be aware that usual treatment should be
generally thought to represent a
intention-to-treat analysis sometimes aware that the 2 treatments are
conservative approach, where
overestimates the effect of receiving equally effective if taken as
“conservative” represents an
recommended. This is importreatment.
approach that is less likely to
tant for clinical care. For
 Intention-to-treat analysis may not be example, the usual care treataccept a novel treatment as
effective. For example, if the
conservative when reference treatment ment might be much less
estimated treatment effect is
is more effective than novel treatment. expensive, and therefore, prefless than the true treatment eferable for many patients. More
 Intention-to-treat analysis may be generally, if all treatment opfect, the medical community is
biased away from the null when adher- tions are equally effective, then
less likely to accept new
ence rates are different between groups. the treatment associated with
effective treatments. In this
article, we describe 3 scenarios
 Intention-to-treat analysis may be lowest adherence for any
where the ITT is not a conserbiased away from the null when treat- reason (eg, inconvenience,
vative approach, even when
minor side effects, cost) will
ment is effective in some patients but
missing data due to dropouts or
appear inferior if clinicians and
harmful in other patients.
other reasons are properly
patients are only provided an
assessed.2,3,5,6 Although some
analysis based on an ITT
approach.
statisticians may be familiar with these concepts, our
In the above example, both treatments were
objective is to raise awareness among clinicians and
considered equally effective for simplicity. Now
clinician-researchers.
consider a context where the novel treatment is superior
First, if the reference (usual care) treatment is more
to the usual care treatment, such that the novel treateffective than the novel treatment, then the approach is
ment results in 60% survival and usual care treatment
not conservative, even though there is bias toward the
results in 40% survival (risk difference of 20%). If
null. This scenario is commonly found in “nonadherence is 100% in the novel treatment group, surinferiority” trials (in both strictly controlled efﬁcacy
vival will be 60%. If adherence is 50% in the usual care
trials or pragmatic trials). Consider a reference group
group, survival will be only 20%. The ITT analysis now
receiving proven usual care treatment by which blood
suggests the novel treatment will appear even more
pressure decreases by a mean of 10 mm Hg. In a novel
effective than usual care than it truly is (risk difference
treatment group, the mean blood pressure remains unof 40% instead of 20%). Thus, the bias of ITT in this
changed (ie, the novel treatment is ineffective). With
context would be away from the null.
<100% but similar adherence rates, the 2 groups will
In some contexts, the ITT analysis may give a
appear more similar; that is, biased toward the null.
qualitatively different answer and suggest that a treatInvestigators who conclude that the ineffective novel
ment is worse than usual care when the novel treatment
treatment is as effective as the usual care treatment
is actually superior. Consider the same survival rates
might implement the novel treatment even though it
(60% for novel treatment and 40% for usual care)
was inferior. Thus, the ITT approach is not conservative
where adherence rates are now 50% for the novel
in noninferiority trials, as it may result in accepting
treatment and 100% for usual care. In this context, the
novel treatments that are less effective than reference/
ITT analysis would suggest that novel treatment is
usual care treatments.
inferior (30% survival for the novel treatment group
Second, bias may be away from the null if the
[50% adherence  60% survival] and 40% for the usual
adherence rates differ between study groups while both
care group) even though the novel treatment is more
treatments are equally effective if taken.2 Consider a
effective when it is received.
problem that is universally fatal. When taken, usual
Finally, if neither treatment has any effect on the
care treatment results in survival of 50% of participants.
outcome, the ITT is generally considered unbiased.2
Similarly, when taken, a novel treatment results in
survival of 50% of participants. The treatments are thus
However, there is the potential for bias away from the
equally effective. However, consider the context where
null compared with the average causal effect of
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treatment when 1) a treatment is beneﬁcial for some
participants and harmful for others, and 2) the proportion of adherence is related to the outcome, such as
when some of the side effects causing nonadherence are
also markers for the outcome.5,6 Consider the hypothetical trial presented in the Table that evaluates a
treatment to reduce pain. Participant pairs 1 & 2, 3 &
4, and 5 & 6 are identical except for their assigned
treatment. There are several different questions that
might be asked. The ITT analysis provides the
difference in results between participants assigned
novel care vs usual care, regardless of which
treatment they receive. For the effect of treatment
itself, we might be interested in knowing the
difference in results if every participant received
novel care vs if every participant received usual care.
This is known as the average causal effect of
treatment (ACE). Alternatively, we might only be
interested in the difference in results among those
who would and could receive novel care vs those
who would and could receive usual care, that is,
exclude those participants who would never be able
to receive a particular treatment because they have a
contraindication, are not able to follow the
intervention protocol for whatever reason, and so on.
This is known as the complier average causal effect
(CACE).1 We might also be interested in learning if
there are subgroups of participants who receive more
beneﬁt from the novel treatment vs usual care, and other
subgroups who receive less beneﬁt from the novel
treatment vs usual care. Each of these questions is
answered by a different analysis.
Columns 2 (pain level if receives usual care) and 3
(pain level if receives novel) illustrate the magnitude of
pain measured on a scale from 0 (none) to 10
(maximum) that each participant would feel if they
would receive the respective treatment. The mean pain
level across all participants (Column 4) would be 5
whether all participants would receive usual care or all
participants would receive novel treatment; the average
causal effect is null. However, on an individual
participant level, because the observed baseline score
for each participant is 5, the novel treatment is beneﬁcial for participants 1 & 2, harmful for participants 3 &
4, and equal for participants 5 & 6.
In an actual study, randomization would be expected
to result in equal distribution of the 3 types of responders
in each treatment-assigned group (Column 5). In real
life, participants whose pain increases when given a
treatment may switch, and the treatment received (Column 6) may be different from that assigned, for example,
Participant #4 in the Table. Using the observed values in
the study for pain and the treatment assignment, the ITT
analysis estimates a treatment difference (Novel vs Usual
Care) of 1.67. This suggests novel treatment is more
effective (less pain) on average even though it is not
(average causal effect ¼ 0); therefore it is biased away
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from the null. Again, we used a pedagogical example
where the average causal effect was null to better
illustrate how the bias occurs. The same bias may be
present if the average causal effect of the 2 treatments
were different. For example, if the novel treatment
actually increased pain mildly so that the mean pain
level would be one point higher than baseline
(6 units), the ITT analysis would suggest the novel
treatment reduced pain by 0.67 units rather than
actually increasing pain.
In some contexts, investigators may not be interested
in the average causal effect of the entire population, but
only in the subgroup of participants who would take the
treatment assigned to them, that is, the CACE as
described above. For example, some participants might
avoid treatment because of an allergy. If we exclude these
participants and all other participants who would never
take one of the potentially assigned treatments, we are left
with a subgroup of participants who would take their
assigned treatment. This addresses a question some clinicians may ask: “Will the active treatment improve the
health of my patients who would always follow my
advice?” In the Table, we see that the ITT analysis yields
an estimate that is between the CACE and the null, that is,
the ITT may indeed be biased toward the null with respect
to CACE, as shown in our example. In fact, with
reasonable assumptions and CACE as the estimate of
interest, McNamee3 showed that the ITT is indeed always biased toward the null. Therefore, depending on the
question of interest—the average causal effect in the
population, or the average causal effect of only those that
would follow recommendations—the ITT may or may
not be biased toward the null.
How common is it for a treatment to be beneﬁcial for
some patients and harmful for others? We believe it is
the norm for many conditions. For example, in rehabilitation, the same exercise program may stimulate
healing in one patient but cause further damage in a
different patient that is clinically similar. A concrete
example would be a strengthening program for which
individual participants have differing levels of expertise
with technique. Alternatively, structural differences in
bony alignment or biomechanical efﬁciencies may
mean the strengthening program is optimal for one
participant but excessive for another participant. More
generally, any curative treatments with lethal side
effects would satisfy the condition, such as airbags in
cars that save adult lives but can be lethal for children.
For quality of life, any treatment that is beneﬁcial for
the main outcome may still be associated with important inconveniences that result in an overall decreased
quality of life. As such, investigators and clinicians
need to carefully evaluate the underlying assumptions
prior to accepting “rules of thumb,” such as that the ITT
is always a conservative approach.
There are 2 ﬁnal points to emphasize. First, common “per protocol analyses” (analyzing only those
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Table

Potential Outcome and Observed Pain Scores for 6 Participants Randomized to Either Usual Care or a Novel Treatment, if Treatment May Be Both Beneﬁcial and Harmful
Potential Outcomes

Observed Outcomes

Pain with Usual
Care (Column 2)

Pain with Novel
(Column 3)

Mean Counterfactual
Pain (Column 4)

Treatment
Assigned
(Column 5)

Treatment
Received
(Column 6)

Observed Pain
(Treatment Received)
(Column 7)

1†
2

5 (NE)
5 (NE)

0 (B)
0 (B)

Usual Care
(6 * 5)/6 ¼ 5

Usual Care
Novel

Usual Care
Novel

5
0

3†
4
5†
6

5
5
5
5

10 (H)
10 (H)
5 (NE)
5 (NE)

Novel Care
(2 * 0 þ 2 * 10 þ 2 * 5)/6 ¼ 5

Usual Care
Novel
Usual Care
Novel

Usual Care
Usual Care
Usual Care
Novel

5
5
5
5

(NE)
(NE)
(NE)
(NE)

Analyses: Novel vs Usual Care
(Column 8)
ITT
(0 þ 5 þ 5)/3 
(5 þ 5 þ 5)/3 ¼ 1.67
ACE (from column 4)
55¼0
CACE
[2*(0  5) þ 2*(5  5)]/4 ¼ 2.5

All participants have a baseline pain score of 5 prior to the study. Participants 1 and 2 are identical, 3 and 4 are identical, and 5 and 6 are identical. The pain score for all Usual Care is the same as baseline (no
effect). The pain score for Novel treatment is reduced in participants 1 & 2 (Beneﬁcial), increased for participants 3 & 4 (Harmful), and has no effect for participants 5 & 6 (No Effect). The average pain score for
Novel treatment is the same as baseline (No Effect). Therefore, there is no difference in change in pain scores between Novel treatment and Usual Care, and the average causal effect is zero. †Participants who are
considered in the Usual Care group for the intention-to-treat (ITT) analysis, which suggests Novel Treatment reduces pain more than usual care.
ACE ¼ average causal effect, which is the effect in all patients (difference between columns 2 and 3) if everyone could and would receive both treatment alternatives; B ¼ treatment is beneﬁcial compared with
baseline; CACE ¼ complier average causal effect, which is the effect in the subgroup of patients (difference between columns 2 and 3) who will always follow their treatment assignment regardless of which
treatment is assigned (participants 1, 2, 5 and 6); H ¼ treatment is harmful compared with baseline; NE ¼ treatment has no effect compared with baseline.
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Participant
(Column 1)
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participants who actually followed treatment assignment) and “as treated” analyses (simply analyzing
participants according to the treatment they received)
are biased for any of the 3 questions we have asked and
are strongly discouraged. This is because these analyses are valid only for the complier average causal
effect if there were no differences in response to
treatment between those who would and those who
would not adhere to treatment assignment.1 Although
this assumption is valid for Table (participants 3 and 4
have the same response to Usual Care as the other
participants) and both the per-protocol and as-treated
analyses would provide the same answer as CACE,
this assumption seems unrealistic in most contexts.
Estimating the ACE and CACE requires other more
advanced methods that are beyond the scope of this
article. Second, investigators who are only interested in
the effect of treatment assignment should still make
individual participant data available, or report results
stratiﬁed by assigned group and adherence status,7 so
that others can calculate the average causal effect or
CACE should it be of greatest relevance to their own
context.
In summary, the ITT analysis is extremely useful
and answers questions such as “Will the active treatment improve health in the population if I fund the
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program?” or “Will changing treatment practices
improve the health of my patients in general?” However, for many clinical questions about the effect of
treatment received, clinicians and clinician-researchers
should be aware that there are contexts where the ITT
estimate is not a conservative approach and may be
biased away from the null.

References
1. Shrier I, Steele RJ, Verhagen E, Herbert R, Riddell CA,
Kaufman JS. Beyond intention-to-treat: what is the right question?
Clin Trials. 2014;11(1):28-37.
2. Hernan MA, Hernandez-Diaz S. Beyond the intention-to-treat in
comparative effectiveness research. Clin Trials. 2012;9(1):48-55.
3. McNamee R. Intention to treat, per protocol, as treated and
instrumental variable estimators given non-compliance and effect
heterogeneity. Stat Med. 2009;28(21):2639-2652.
4. Fergusson D, Aaron SD, Guyatt G, Hebert P. Post-randomisation
exclusions: the intention to treat principle and excluding patients
from analysis. BMJ. 2002;325(7365):652-654.
5. Hernan MA, Robins JM. Measurement bias. Causal Inference.
2015:109-118. Available at: http://www.hsph.harvard.edu/faculty/
miguel-hernan/causal-inference-book/. Accessed April 15, 2017.
6. Glymour MM, Nguyen QC, Matsouaka R, et al. Does Mother
know best? Treatment adherence as a function of anticipated
treatment beneﬁt. Epidemiology. 2016;27(2):265-275.
7. Steele RJ, Shrier I, Kaufman JS, Platt RW. Simple estimation of
patient-oriented effects from randomized trials: an open and shut
CACE. Am J Epidemiol. 2015;182(6):557-566.

