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STATISTICS IN MEDICINE

Per-Protocol Analyses of Pragmatic Trials
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Pragmatic trials are designed to address real-world
questions about options for care and thereby guide
decisions by patients, clinicians, and other stake-
holders. Pragmatic trials are often analyzed ac-
cording to the intention-to-treat principle, which
requires that patients assigned to a treatment
strategy are kept in that group during the analysis,
even if they deviated from their assigned treatment
strategy after randomization."* The result of an
intention-to-treat analysis is affected by the trial-
specific pattern of adherence to the treatment
strategies under study and therefore may not be
directly relevant for guiding decisions in clinical
settings with different adherence patterns. In fact,
the publication and dissemination of the intention-
to-treat result may change adherence in clinical
settings, possibly rendering the result outdated.

Herein, we address issues that may arise from
uncritical reliance on the intention-to-treat prin-
ciple in pragmatic trials,"** outline alternative ana-
lytic approaches (known as per-protocol analyses),
and provide guidance on how to choose among
them. Specifically, we argue that the appropriate
design, conduct, and analysis of pragmatic trials
require an explicit and careful definition of the ef-
fect of interest, an a priori specification of the
statistical analysis plan, and the collection of high-
quality longitudinal data.

DEMYSTIFYING INTENTION-TO-TREAT
EFFECTS

An intention-to-treat analysis estimates the effect
of treatment assignment in a particular trial, not
the effect of treatment itself. Intention-to-treat ef-
fects are agnostic about postrandomization deci-
sions, including treatment discontinuation and
the use of concomitant therapies prohibited by the
study protocol. For example, consider two prag-
matic trials of a new active treatment versus stan-
dard of care. In the first trial, half the patients
assigned to the active treatment actually received

it and the other half did not. In the second trial,
all the patients assigned to the active treatment
received it. In neither study did any patient as-
signed to standard of care receive active treatment.
An intention-to-treat analysis may show a treat-
ment effect in the first trial but not in the sec-
ond. This could occur even if the biologic effect
of active treatment were identical in the two stud-
ies. Furthermore, in a head-to-head trial of two
active treatments that have differential adherence
because of a mild, easily palliated side effect, an
intention-to-treat analysis may misleadingly indi-
cate a beneficial effect of the less efficacious
treatment.

When there is incomplete adherence, intention-
to-treat analyses may make unsafe interventions
appear to be safe, may lead to a declaration of
noninferiority even when one treatment is clearly
superior, and may result in an effective interven-
tion appearing to be ineffective if the poor adher-
ence was due to misplaced concerns about effec-
tiveness or toxicity. As a result, intention-to-treat
effects may not provide clinically useful infor-
mation in some situations. For example, to decide
whether to use a certain contraception method, a
couple would want to know the expected effec-
tiveness when the method is used as indicated
and not the estimated effectiveness in a popula-
tion in which, for example, 40% of couples do
not use the method properly.

Health care professionals and patients would
like to have an effect measure that, unlike the
intention-to-treat effect, is not influenced by the
degree of adherence. In our example above, a
couple would have an interest in knowing the ef-
fect of the contraception method if all trial par-
ticipants had used it as indicated in the protocol.
This effect, which is referred to as the per-pro-
tocol effect, is what would have been observed if
all patients had adhered to the trial protocol.

It is sometimes argued that the intention-to-
treat effect is the effect of interest in pragmatic
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trials, because it reflects the effectiveness of treat-
ment in clinical settings outside the trial. How-
ever, that argument fails to recognize that the
degree of adherence outside the trial may change
drastically after patients learn of the trial’s find-
ings. Therefore, the actual effectiveness of the
treatment in the community may differ greatly
from the intention-to-treat effect estimate from
the trial.* In contrast, the per-protocol effect from
the trial is not affected by incomplete adherence
and may therefore be of more interest for patients
who are considering whether to use the treatment.

IMPROVING PER-PROTOCOL ANALYSES

The validity of both intention-to-treat and per-
protocol effect estimates requires correct adjust-
ment for selection bias due to differential loss to
follow-up.® Moreover, the validity of per-protocol
effect estimates also requires correct adjustment
for confounding due to incomplete adherence to
the assigned treatments or use of off-protocol
concomitant therapies. Because both adherence
and loss to follow-up may be influenced by social
and clinical factors that occur after randomiza-
tion, we refer to the biases that arise because of
lack of adjustment for these factors as postran-
domization confounding and selection bias.

To adjust for incomplete adherence when es-
timating per-protocol effects, investigators often
perform an analysis in which a participant’s fol-
low-up is terminated at the time, if any, at which
they cease to follow the protocol; that is, data
from participants are censored when the partici-
pants deviate from their assigned treatment strat-
egy. To increase the probability that this form of
per-protocol analysis yields a valid estimate of the
per-protocol effect, three general rules need to be
followed.

First, data from participants should not be
censored when they stop treatment for clinical
reasons. For example, in a trial of statin therapy
and cardiovascular disease, no sensible protocol
will mandate that treatment be continued when
rhabdomyolysis or other substantial adverse effects
occur. The treatment strategy under study in this
trial is not “take statin therapy continuously dur-
ing the follow-up,” but rather “take statin therapy
continuously during the follow-up, unless other-
wise clinically indicated.” In this example, trial
participants who stop statin therapy after having
a toxic effect are not deviating from the protocol

and their data should not be censored in a per-
protocol analysis.’

Second, data from participants should be
censored when it is no longer certain that they
are receiving treatment. For example, in a trial
of statin therapy, a participant’s follow-up should
end shortly after the participant’s status with
respect to statin use first becomes unknown,
because without recent treatment data, it is not
possible to determine whether the participant
continues to adhere to the protocol. The rule ap-
plies even if the outcome in the participant is later
learned through other means (e.g., by searching
the National Death Index).

Third, adjustment should be made for con-
founding due to incomplete adherence. A naive
per-protocol analysis, that is, one with no adjust-
ment for confounding, will be valid only if adher-
ence occurred completely at random.* However,
because participants who adhere to the protocol
and those who do not adhere generally differ with
respect to prognostic factors, a per-protocol analy-
sis that censors patient data at the time of nonad-
herence must adjust for prerandomization and
postrandomization prognostic factors that pre-
dict adherence. It follows that data from partici-
pants generally need to be censored shortly after
the stream of data on prognostic factors that pre-
dict adherence is first interrupted, even if the
treatment and outcome data from the participants
are still available after that time.

There is, of course, no guarantee that adjust-
ment for the measured prognostic factors will
remove all bias from the per-protocol effect esti-
mate. In this sense, a per-protocol analysis of a
randomized trial is an observational analysis that
has all the usual challenges associated with po-
tential confounding by unmeasured factors. His-
torically, this has cast doubt on the validity of
per-protocol analyses.?

Much of the trepidation about per-protocol
analyses can be tracked to a landmark article from
1980; a post hoc analysis of the Coronary Drug
Project (a National Heart, Lung, and Blood Insti-
tute—sponsored randomized, controlled trial that
was performed between 1966 and 1975 to assess
the efficacy and safety of five lipid-influencing
drugs in patients who had previously had a myo-
cardial infarction) showed lower mortality among
participants who adhered to placebo than among
those who did not, even after adjustment for mul-
tiple prerandomization prognostic factors.” The
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difference in 5-year risk of death between the
participants who adhered to placebo and those
who did not was approximately 10 percentage
points. Because statistical adjustment could not
eliminate the difference in risk of death, this
finding was interpreted as evidence for “the
serious difficulty, if not impossibility, of evalu-
ating treatment efficacy in subgroups deter-
mined by [adherence] to the treatment protocol
after randomization.” Indeed, this finding is
frequently used as a warning for investigators
who deviate from the intention-to-treat princi-
ple and attempt to perform even a nonnaive
per-protocol analysis, that is, one with adjust-
ment for confounding.

The analysis of the Coronary Drug Project,
however, could benefit from statistical innova-
tions that took place in the subsequent decades.
A recent reanalysis of these data'® succeeded at
largely eliminating the difference in risk of death
in the placebo group by using new analytic meth-
ods that improve the adjustment for, and defini-
tion of, adherence (Fig. 1).”"* The difference in

5-year mortality between the participants who
adhered to placebo and those who did not was
2.5 percentage points. Specifically, the analysis was
designed to be analogous to the original analysis
except that it used logistic regression (rather than
linear regression) for the binary mortality out-
come, decoupled the definition of adherence and
loss to follow-up, used standardization to adjust
for prerandomization covariates, and used inverse-
probability weighting to adjust for postrandom-
ization covariates.

The use of statistical methods that were un-
available at the time of the original analysis was
an important component of the reanalysis of the
Coronary Drug Project. The validity of these meth-
ods is easily verifiable in the reanalysis because we
expect that the outcome should not be affected by
adherence to placebo. This example shows how
recent additions to our toolkit offer hope for
improved estimation of per-protocol effects. In
particular, adjustment for postrandomization
factors may prove to be critical (as described in
greater detail below).

Original analysis of the placebo effect
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Figure 1. Adjusted Difference in 5-Year Mortality between Patients Who Adhered to Placebo and Those Who Did

An intention-to-treat analysis of the Coronary Drug Project randomized trial (performed between 1966 and 1975)
showed no difference in 5-year mortality between patients who received the active treatment (clofibrate) and those
who received placebo. In 1980, a post hoc analysis showed that, in the placebo group, mortality among partici-
pants who adhered to placebo throughout the study was lower than mortality among those who did not adhere,
even after adjustment for multiple baseline factors. Because placebo cannot affect mortality, the difference in mor-
tality in the placebo group was interpreted as evidence that comparisons between patients who adhere to a regi-
men and those who do not are inherently biased. An updated analysis performed in 2015 used logistic regression,
decoupled the definitions of adherence and loss to follow-up, used standardization to adjust for prerandomization
covariates, and used g-methods to adjust for postrandomization covariates.’® In the updated analysis, the differ-
ence in 5-year mortality between the patients who adhered to placebo and those who did not was estimated to
decrease from 9.4 percentage points in the 1980 analysis to 2.5 percentage points in the 2015 analysis.
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ESTIMATING PER-PROTOCOL
EFFECTS FOR SUSTAINED TREATMENT
STRATEGIES

Pragmatic trials that study the long-term effects
of sustained strategies in typical patients and
health care settings are ideal to guide clinical deci-
sion making. However, as discussed above, they
are also more vulnerable to postrandomization
confounding and selection bias. Generally, the es-
timation of per-protocol effects for sustained treat-
ment strategies require statistical adjustment for
postrandomization prognostic factors. When these
factors are not affected by prior treatment, con-
ventional statistical methods may be appropriate.
Unfortunately, conventional statistical methods
cannot generally handle postrandomization prog-
nostic factors that are affected by prior treat-
ment.!>3 Appropriate adjustment for postran-
domization factors affected by prior treatment
requires so-called g-methods (see below), that is,
methods that can adjust for confounding even
when in the presence of a feedback loop between

treatment and confounders over time. g-Methods
include inverse-probability weighting,* g-estima-
tion of structural nested models,” the g-formula,'
and their extensions that are based on doubly
robust estimation (Fig. 2).""1

g-Methods can be used to estimate per-proto-
col effects for sustained treatment strategies
(Fig. 2), provided that data on the prerandomiza-
tion and postrandomization prognostic factors
that predict adherence are available. Thus, the
protocols of trials need to plan for the detailed
collection of data from baseline until the admin-
istrative end of the study for all participants. The
Coronary Drug Project investigators refrained from
adjusting for postrandomization factors in their
1980 analysis because, at that time, no g-methods
were available. A number of such g-methods have
been implemented with the use of standard sta-
tistical software packages; we now describe some
applications to specific trials.

Inverse-probability weighting works by estimat-
ing a sequential propensity score that is then used
to reweight participants over time according to

u

Z uﬂ/j
U
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U

Figure 2. Four Possible Scenarios in a Randomized Trial
of Sustained Treatment Strategies.

Shown are four possible scenarios in a randomized trial
of sustained treatment strategies, according to the de-
terminants of adherence to the treatment strategies.
Zis an indicator for randomization group, Y is the out-
come of interest, L, represents prognostic factors mea-
sured at baseline (time 0), L, represents prognostic fac-
tors measured after baseline (at time t), A, is an
indicator for adherence to the protocol at baseline, A is
an indicator for adherence to the protocol at time t, and
U represents unmeasured baseline or postbaseline fac-
tors. To avoid clutter, we show only the first two time
points, assume no losses to follow-up, and assume a
null comparative effect of the treatment strategies. In
scenario 1 (Panel A), adherence occurs at random (no
arrows from any variable to A). The per-protocol analysis
does not have to adjust for any factors. In scenario 2
(Panel B), adherence depends only on the measured
factors (arrows from L to A). The per-protocol analysis
has to adjust for these factors. In scenario 3 (Panel C),
adherence depends only on the measured factors and
the measured factors affect future adherence (arrows
from L to A and from A to L). The per-protocol analysis
has to adjust for these factors; the adjustment for the
postbaseline factors requires g-methods. In scenario 4
(Panel D), adherence depends on both measured and
unmeasured factors (arrows from L and U to A). A valid
per-protocol analysis should use a form of instrumental
variable estimation based on g-estimation of a structur-
al nested model, which relies on strong assumptions.
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their time-varying prognostic factors. In the re-
sulting weighted population, treatment is mathe-
matically independent of the measured prognos-
tic factors, which eliminates postrandomization
confounding and selection bias due to those mea-
sured factors. (Note that the method cannot
eliminate bias due to factors that remain unmea-
sured.) Inverse-probability weighting was applied
to estimate the per-protocol effect in a large
Women Health’s Initiative randomized trial of
estrogen plus progestin hormone therapy.” The
estimated hazard ratios for breast cancer with
hormone therapy versus placebo were 1.25
(95% confidence interval [CI], 1.01 to 1.54) in an
intention-to-treat analysis and 1.68 (95% CI, 1.24
to 2.28) in a per-protocol analysis (the unweighted
estimate was 1.54). From a patient’s viewpoint,
learning that the risk of breast cancer is 68%
higher with hormone therapy, when taken as indi-
cated, than with no hormone therapy, is more
relevant than learning that the risk of breast can-
cer is 25% higher with hormone therapy in a
group of women, many of whom stopped hor-
mone therapy altogether during the follow-up.

The parametric g-formula, another g-method,
was applied to estimate the per-protocol effect in
the International Network for Strategic Initiatives
in Global Human Immunodeficiency Virus Tri-
als (INSIGHT) Strategic Timing of Antiretroviral
Treatment (START) randomized trial,®® which
compared the effect of immediate initiation of
antiretroviral treatment with deferred initiation
(until the participant had a confirmed drop in
CD4 cell count to less than 350 cells per cubic
millimeter or received an AIDS diagnosis) among
participants who were positive for the human im-
munodeficiency virus and had a CD4 cell count
higher than 500 cells per cubic millimeter. Al-
though participants generally adhered well to the
protocol, some deviations occurred. In particular,
30% of the participants who were randomly as-
signed to the deferred-treatment group started
antiretroviral treatment when they had a CD4 cell
count of 350 cells per cubic millimeter or higher.
The per-protocol effect estimate was 20% larger
than the intention-to-treat effect, which, in abso-
lute terms, translates into an additional 0.7—per-
centage-point reduction (from 3.8% to 3.1%) in
the 5-year risk of the primary composite outcome
of any serious AIDS event, serious non-AIDS event,
or death from any cause.

These examples illustrate how per-protocol

effect estimates can be presented along with in-
tention-to-treat effect estimates when the latter
are not sufficiently patient-centered. However,
one should keep in mind that per-protocol
analyses may insufficiently adjust for confound-
ing and selection bias if important prognostic
factors that affect either adherence or loss to
follow-up are not correctly identified, measured,
and adjusted for.

ESTIMATING PER-PROTOCOL EFFECTS
FOR SIMPLER TREATMENT STRATEGIES

Some pragmatic trials compare treatment strate-
gies that consist of a single intervention at base-
line. For example, in a study designed to compare
two different types of hernia operation, patients
would be randomly assigned to undergo one of the
two interventions immediately. In this research
setting, an intention-to-treat analysis would pro-
vide valid estimates of both the intention-to-treat
effect and the per-protocol effect because nearly all
patients undergo the assigned intervention.

In other research settings, studies with a sin-
gle intervention at baseline may have incomplete
adherence, in which case an intention-to-treat
analysis would not provide valid estimates of the
per-protocol effect. For example, participants in
Norway were randomly assigned to be invited to
undergo sigmoidoscopy screening or to not be
invited.”! An intention-to-treat analysis showed a
lower incidence of colorectal cancer and lower
colorectal-cancer—specific mortality in the sig-
moidoscopy group than in the control group. No
effect on overall mortality was detected. However,
the intention-to-treat effects underestimated the
per-protocol effects because only 70% of the
participants in the sigmoidoscopy group under-
went the procedure; the other 30% declined the
invitation. Persons outside the study who are
considering whether to undergo a sigmoidosco-
py may be more interested in the per-protocol
effect that would have been estimated with full
adherence to the intervention. Because the treat-
ment or intervention was administered only at
baseline in this trial, it is sufficient to adjust for
prerandomization factors, and therefore conven-
tional adjustment methods would be adequate.
In this research setting, g-methods are not needed
to adjust for incomplete adherence. However, an
analysis of the data from the sigmoidoscopy trial
implied that some key adjustment variables were
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missing. For instance, the overall mortality among
participants who declined to undergo a sigmoidos-
copy was greater than the mortality in the con-
trol group, even after adjustment for all available
factors.” Unlike in the Coronary Drug Project, the
available data were insufficient to provide approxi-
mate comparability between those who did and
those did not adhere to the intervention. Spe-
cifically, no data on cigarette smoking and other
lifestyle risk factors were obtained, and therefore
an adjusted per-protocol analysis did not result in
unbiased per-protocol effect estimates for overall
mortality.

Instrumental variable estimation is an attrac-
tive alternative for estimating per-protocol ef-
fects in trials of a baseline intervention versus
standard of care because this method, unlike
inverse-probability weighting and the g-formula,
does not require data on prognostic factors pre-
dictive of adherence. In contrast, the method re-
quires that the indicator of randomization group
is an instrumental variable. This indicator is an
instrumental variable if its effect on the outcome
is mediated entirely through the intervention it-
self — a condition known as the exclusion re-
striction, which is likely to be satisfied in the
sigmoidoscopy trial.?» Under the exclusion re-
striction, an instrumental variable estimator will
be unbiased for a per-protocol effect if there are
no “defiers” in the trial (i.e., participants who
would refuse the intervention if assigned to it but
would undergo the intervention if assigned to stan-
dard of care). The absence of defiers, known as the
monotonicity condition, is satisfied in the sigmoid-
oscopy trial because screening colonoscopy was
not available to participants in the control group.

However, even when the conditions of exclu-
sion restriction and monotonicity are satisfied,
instrumental variable methods estimate the per-
protocol effect only in the subgroup of partici-
pants who would have adhered regardless of their
assignment (i.e., the “compliers” in the particular
trial).?»* In the sigmoidoscopy trial,”! the per-pro-
tocol estimate of the 10-year risk of colorectal
cancer among the compliers exceeded the inten-
tion-to-treat estimate in the entire study popula-
tion by approximately 0.12 percentage points. The
clinical applicability of this per-protocol effect is
limited if the effect in the trial compliers differs
substantially from the effect in other patients. This
limitation is compounded by the fact that the com-
pliers in the trial are not identifiable and do not

necessarily have the same characteristics as the
compliers in the community.

Although instrumental variable estimation of
per-protocol effects is noncontroversial in some
trials of baseline interventions, in trials of sus-
tained interventions it requires both strong, partly
unverifiable assumptions about the dose-response
relation and the use of a general form of g-esti-
mation of a structural nested model.’® The rela-
tive advantages and disadvantages of instrumen-
tal variable methods, both the classic ones and the
more general versions linked to g-estimation,***
for the estimation of per-protocol effects have yet
to be studied systematically in pragmatic trials.
However, such further study is warranted, because
instrumental variable analyses, like intention-to-
treat analyses, are guaranteed to be valid under
the sharp null hypothesis of no effect of either
treatment or treatment assignment on the out-
come of any participant, even in the absence of
data on postrandomization prognostic factors,
provided that selection bias due to loss to fol-
low-up is absent.

DISCUSSION

Because pragmatic trials consume substantial
societal resources, we wish to extract as much use-
ful information as possible from them by com-
plementing intention-to-treat effect estimates
with per-protocol effect estimates. We think that
obtaining clinically useful per-protocol effect esti-
mates requires the use of statistical techniques
such as instrumental variable methods (when
comparing baseline interventions) or g-methods
(wWhen comparing treatment strategies that re-
quired sustained adherence).

The validity of per-protocol analyses depends
not only on the choice of the appropriate method
but also on an explicit definition of the per-pro-
tocol effect, an a priori specification of the statis-
tical plan for the per-protocol analysis, and the
collection of high-quality data on adherence and
prognostic factors (Table 1). These three aspects
need to be addressed in the study protocol to
prevent suboptimal design, conduct, and analysis
of pragmatic trials and to foster confidence in
the study results.

An explicit definition of the per-protocol effect
is key to guiding investigators in selecting the de-
sign, the data collection, and the statistical analy-
sis plan. Specifically, the protocol needs to clarify
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Strategies.

Table 1. Data Requirements for the Definition and Estimation of the Per-Protocol Effect in Randomized Trials with Sustained Treatment

Available Data

Randomization group assignment and
outcome

Group assignment and outcome plus
treatment received after random-

Identification of Adherence

Estimation of the

ization visit

Group assignment and outcome plus
treatment received after random-
ization plus protocol-specified clin-
ical events that either mandate or
allow treatment changes

Group assignment and outcome plus
treatment received after random-
ization plus prerandomization and tion
postrandomization prognostic fac-
tors associated with adherence

data at and after randomiza-

Example to the Protocol Per-Protocol Effect
A large, simple trial Not possible Not possible
A trial that records pill counts but Not possible Not possible
not clinical information at each
A trial that records data on proto- Possible Possible if adherence is inde-
col-specified toxic effects and pendent of prognosis
contraindications
A trial that records detailed clinical Possible Possible; g-methods are re-

treatment

quired if prognostic factors
are affected by previous

that patients assigned to therapy are expected to
discontinue it if they have serious adverse effects
so that these discontinuations are not labeled as
protocol deviations. A second benefit of an ex-
plicit definition of the per-protocol effect is the
opportunity to engage patient and other stake-
holders in a discussion of the treatment strategies
of interest to them. When trials study complex
strategies for which perfect adherence is unreal-
istic, one may redefine the per-protocol effect as
the effect under “satisfactory adherence”* to the
protocol (e.g., 80%), rather than the effect under
100% adherence to the protocol. Furthermore,
when there is concern that treatment benefits may
vary substantially across subgroups of patients
defined by their genetics, biomarker levels, or
clinical characteristics, the protocol may specify
the estimation of separate intention-to-treat and
per-protocol effects. A patient-centered analysis
that estimates the per-protocol effects in sub-
groups of patients is an example of precision
medicine.

An a priori specification of the statistical analy-
sis plan for per-protocol effects is key to dispelling
concerns about selective reporting of findings on
the basis of “hypothesizing after results are
known” (HARKing) and conducting analyses until
significant values are found (p-hacking).”” In the
absence of such specification, investigators may
understandably believe that abandoning the in-
tention-to-treat principle leaves them vulnerable
to criticism, and they choose to make the (non—

patient-centered) intention-to-treat effect their only
inferential target and anchor for sample-size cal-
culations. Because a priori full specification of the
statistical analysis plan for per-protocol effects is
difficult, the study protocol may include adaptive
features to fine-tune per-protocol analyses with-
out compromising the validity of the effect esti-
mates. For example, the protocol could specify
detailed rules for modeling the inverse-probabil-
ity weights as a function of the postrandomiza-
tion data. Furthermore, the protocol may specify
a set of statistical analyses aimed at assessing the
sensitivity of per-protocol effect estimates to vari-
ous assumptions. As an example, the protocol
may specify sensitivity analyses to quantify how
the effect estimates would vary if adjustment for
confounding had been imperfect (for baseline
intervention studies, simple methods are avail-
able®®%) and instrumental variable analyses to
estimate upper and lower bounds for the effect.?

The collection of high-quality data before and
after randomization is essential for most per-pro-
tocol analyses. Unless the trial compares baseline
interventions with all-or-nothing adherence, such
as in the sigmoidoscopy trial* described above, it
will be necessary to collect and analyze postran-
domization data on adherence to the assigned
treatment strategies and on the evolution of prog-
nostic factors. Thus, embracing sound per-protocol
analyses necessitates an appropriate framework for
the design, conduct, and reporting® of random-
ized trials. Of course, as for any observational

N ENGLJ MED 377;14 NEJM.ORG OCTOBER 5, 2017

1397

The New England Journal of Medicine

Downloaded from nejm.org at Harvard Library on October 5, 2017. For persona use only. No other uses without permission.
Copyright © 2017 Massachusetts Medical Society. All rights reserved.



STATISTICS IN MEDICINE

estimates, the validity of most per-protocol analy-
ses depends on assumptions about confounding
and selection bias that cannot be empirically
verified.

In summary, the protocols of pragmatic trials
would benefit from explicit definition of the per-
protocol effect, including plans to measure adher-
ence and postrandomization variables, and speci-
fications of the statistical analysis plan. The added
complexity is unavoidable if we wish to prioritize
the patient-centeredness of the research and get
the most out of pragmatic trials.

Disclosure forms provided by the authors are available with
the full text of this article at NEJM.org.

This article was updated on October 5, 2017, at NEJM.org.
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