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The Intention-to-Treat Principle
How to Assess the True Effect of Choosing

a Medical Treatment

Michelle A. Detry, PhD; Roger J. Lewis, MD, PhD

The intention-to-treat (ITT) principle is a cornerstone in the in-
terpretation of randomized clinical trials (RCTs) conducted with the
goal of influencing the selection of medical therapy for well-
defined groups of patients. The ITT principle defines both the study
population included in the pri-
& mary efficacy analysis and how
Related article 36 the outcomes are analyzed. Un-
der ITT, study participants are
analyzed as members of the treatment group to which they were
randomized regardless of their adherence to, or whether they re-
ceived, theintended treatment.’ For example, in a trial in which pa-
tients arerandomized to receive either treatment A or treatment B,
a patient may be randomized to receive treatment A but errone-
ously receive treatment B, or never receive any treatment, or not
adhere to treatment A. In all of these situations, the patient would
beincluded in group A when comparing treatment outcomes using
an ITT analysis. Eliminating study participants who were random-
ized but not treated or moving participants between treatment
groups according to the treatment they received would violate the
ITT principle.
In this issue of JAMA, Robertson et al conducted an RCT using
a factorial design to compare transfusion thresholds of 10 and 7
g/dL and administration of erythropoietin vs placebo in 895
patients with anemia and traumatic brain injury.* The primary
outcome was the 6-month Glasgow Outcome Scale (GOS),
dichotomized so a good or moderate score indicated success. The
trial was conducted with high fidelity to the protocol so only a few
patients did not receive the intended treatment strategy. Two
patients randomized to the 7-g/dL study group were managed
according to the 10-g/dL threshold and an additional 2 patients
randomized to the 7-g/dL study group received one transfusion
not according to protocol. The authors implemented the ITT prin-
ciple and the outcomes for these 4 patients were included in the
7-g/dL group.

Use of the Method

Why Is ITT Analysis Used?

The effectiveness of a therapy is not simply determined by its
pure biological effect but is also influenced by the physician’s abil-
ity to administer, or the patient’s ability to adhere to, the intended
treatment. The true effect of selecting a treatment is a combina-
tion of biological effects, variations in compliance or adherence,
and other patient characteristics that influence efficacy. Only by
retaining all patients intended to receive a given treatment in
their original treatment group can researchers and clinicians
obtain an unbiased estimate of the effect of selecting one treat-
ment over another.

jama.com

Treatment adherence often depends on many patient and cli-
nician factors that may not be anticipated or are impossible to
measure and that influence response to treatment. For example,
in the study by Robertson et al, some patients randomized to the
higher transfusion threshold may not have received the intended
therapeutic strategy due to adverse events associated with trans-
fusion, fluid overload, or unwillingness of clinicians to adhere to
the strategy for other reasons. These patients are likely to be fun-
damentally different from those who were actually treated using
the 10-g/dL strategy. The characteristics that differ between
patients who received the intended therapy and those who did
not could easily influence whether a successful GOS score is
achieved. If the ITT principle was not followed and patients were
removed from their randomized group and either ignored or
assigned to the other treatment group, the results of the analysis
would be biased and no longer represent the effect of choosing
one therapy over the other.

It is common to see alternative analyses proposed, eg, per-
protocol or modified intent-to-treat (MITT) analyses.® A per-
protocol analysis includes only study participants who completed
the trial without any major deviations from the study protocol; this
usually requires that they successfully receive and complete their
assigned treatment(s), complete their study visits, and provide pri-
mary outcome data. The requirements to be included in the per-
protocol analysis vary from study to study. While the definition of
an MITT analysis also varies from study to study, the MITT ap-
proach deviates from the ITT approach by eliminating patients or
reassigning patients to astudy group other than the group to which
they were randomized. Neither of these approaches satisfies the ITT
principle and may lead to clinically misleading results. It has been ob-
served that studies using MITT analysis are more likely to be posi-
tive than those following a strict ITT approach.® A comparison of re-
sults from ITT and per-protocol or MITT analyses may provide some
indication of the potential effect of nonadherence on overall treat-
ment effectiveness.

Noninferiority trials, which are designed to demonstrate that
an experimental treatment is no worse than an established one,
require special considerations with regard to the ITT principle.6®
Consider a noninferiority trial of 2 treatments— treatment A is a
biologically ineffective experimental therapy and treatment B is a
biologically effective standard therapy—with the goal to demon-
strate that treatment A is noninferior to B. Patients may be ran-
domized to receive treatment B, not adhere to the treatment,
and fail treatment due to their nonadherence. If this happens fre-
quently, treatment B will appear less efficacious. Thus, the inter-
vention in group A may incorrectly appear noninferior to the
intervention in group B, simply as a result of nonadherence rather
than because of similar biological efficacy. In this case, the ITT
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analysis is somewhat misleading because the noninferiority is a
result of poor adherence. In a noninferiority trial, both ITT and per-
protocol analyses should be conducted and reported. If the per-
protocol results are similar to the ITT results, the claim of noninferi-
ority is substantially strengthened.®®

What Are the Limitations of ITT Analysis?

A characteristic of the ITT principle is that poor treatment adher-
ence may result in lower estimates of treatment efficacy and a loss
of study power. However, these estimates are clinically relevant be-
cause real-world effectiveness s limited by the ability of patients and
clinicians to adhere to a treatment.

Because all patients must be analyzed under the ITT principle,
it is essential that all patients be followed up and their primary out-
comes determined. Patients who discontinue study treatments are
often more likely to be lost to follow-up. Following the ITT principle
will not eliminate bias associated with missing outcome data; steps
must always be taken to keep missing data to a minimum and, when
missing data are unavoidable, to use minimally biasing methods for
adjusting for missing data (eg, multiple imputation).

Why Did the Authors Use ITT Analysis in This Particular Study?
Robertson et al* used an ITT analysis because it allowed the effec-
tiveness of their therapeutic strategies to be evaluated without bias
due to differences in adherence. Failure to follow the ITT principle
could have led to greater scrutiny of the trial results, especially if
adherence to the intended treatments had been poorer.

ARTICLE INFORMATION

Chapman & Hall/CRC; Taylor & Francis Group;

Caveats to Consider When Looking at Results

Based on ITT Analysis

Although the ITT principle is important for estimating the efficacy
of treatments, it should not be applied in the same way in assessing
the safety (eg, medication adverse effects) of interventions. For ex-
ample, it would not make sense to attribute an apparent adverse ef-
fect to anintended treatment when, in fact, the patient was never
exposed to the experimental drug. For this reason, safety analyses
are generally conducted according to the treatment actually re-
ceived, even though this may not accurately estimate—and may well
overestimate—the burden of adverse effects likely to be seenin clini-
cal practice.

While determining the effect of choosing one treatment over
another, or over no treatment at all, is a key goal of trials conducted
lateinthe process of drug and device development, the goals of trials
conducted earlier in development are generally focused on nar-
rower questions such as biological efficacy and dose selection. In
these cases, MITT and per-protocol analysis strategies have a greater
role in guiding the design and conduct of subsequent clinical trials.
For example, it would be unfortunate to falsely conclude, based on
the ITT analysis of a phase 2 clinical trial, that a novel pharmaceuti-
cal agent is not effective when, in fact, the lack of efficacy stems from
too high a dose and patients’ inability to be adherent because of in-
tolerable adverse effects. In that case, a lower dose may yield clini-
callyimportant efficacy and a tolerable adverse effect profile. A per-
protocol analysis may be helpfulin such a case, allowing the detection
of the beneficial effect in patients able to tolerate the new therapy.
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Is a New Treatment Almost as Effective as Another?

Amy H. Kaji, MD, PhD; Roger J. Lewis, MD, PhD

Sometimes the goal of comparing a new treatment with a stan-
dard treatment is not to find an approach that is more effective but
tofind atherapy that has other advantages, such as lower cost, fewer

adverse effects, or greater con-
& venience with at least similar
Related article page 2340 efficacy to the standard treat-

ment. With other advantages, a
treatment that is almost as effective as a standard treatment might
be preferred in practice or for some patients. The purpose of a non-
inferiority trial is to rigorously evaluate a new treatment against an
accepted and effective treatment with the goal of demonstrating
that it is at least almost as good (ie, not inferior).

In this issue of JAMA, Salminen et al describe the results of a
multicenter noninferiority trial of 530 adults with computed
tomography-confirmed acute appendicitis who were randomized
either to early appendectomy (the standard treatment) or to anti-
biotic therapy alone (a potentially less burdensome experimental
treatment).!

Use of the Method

Why Are Noninferiority Trials Conducted?

Inatraditional clinical trial, a new treatment is compared with a stan-
dard treatment or placebo with the goal of demonstrating that the
new treatment has greater efficacy. The null hypothesis for such a
trial is that the 2 treatments have the same effect. Rejection of this
hypothesis, implying that the effects are different, is signaled by a
statistically significant P value or, alternatively, by a 2-tailed confi-
dence interval that excludes no effect. While the new treatment
could be either superior or inferior, the typical trial aims to demon-
strate superiority of the new treatment and is known as a superior-
ity trial. Since a superiority trial is capable of identifying both harm-
ful and beneficial effects of a new therapy vs a control (ie, a current
therapy), a 2-tailed 95% Cl can be used to indicate the upper and
lower limits of the difference in treatment effect that are consis-
tent with the observed data. The null hypothesis is rejected, indi-
cating that the new therapy differs from the control, if the confi-
denceinterval does not include the result that indicates absence of
effect (eg, a risk ratio of 1or a risk difference of 0).2 This is equiva-
lent to a statistically significant P value.

Although superiority or inferiority of a new treatment can be
demonstrated by a superiority trial, it would generally be incorrect
to conclude that the absence of a significant difference in a superi-
ority trial demonstrates that the therapies have similar effects; ab-
sence of evidence of a difference is not reliable evidence that there
is no difference. An active-controlled noninferiority trial is needed
to determine whether a new intervention, which offers other ad-
vantages such as decreased toxicity or cost, does not have lesser ef-
ficacy than an established treatment.3"® Noninferiority trials use
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known effective treatments as controls because there is little to be
gained by demonstrating that a new therapy is not inferior toa sham
or placebo treatment.

The objective of a noninferiority trial is to demonstrate that the
intervention being evaluated achieves the efficacy of the estab-
lished therapy within a predetermined acceptable noninferiority mar-
gin (Figure). The magnitude of this margin depends on what would
be a clinically important difference, the expected event rates, and,
possibly, regulatory requirements. Other determinants of the non-
inferiority margin include the known effect of the standard treat-
ment vs placebo; the severity of the disease; toxicity, inconve-
nience, or cost of the standard treatment; and the primary end point.
Asmaller noninferiority marginis likely appropriate if the disease un-
der investigation is severe or if the primary end point is death.3®

The sample size required to reliably demonstrate noninferior-
ity depends on both the choice of the noninferiority margin and the
assumed true relative effects of the compared treatments.>® Anac-
tive-controlled noninferiority trial often requires a larger sample size
than a superiority trial because the noninferiority margins used in
noninferiority studies are generally smaller than the differences
sought in superiority trials. Just as important is the assumed effect
of the experimental treatment relative to the active-control treat-
ment. The assumed effect may be that the experimental treatment
is worse than the control but by a smaller amount than the nonin-
feriority margin, that the 2 treatments are equivalent, or even that

Figure. Two Different Possible Results of a Noninferiority Trial,
Summarized by 1-Tailed Confidence Intervals for the Relative Efficacy of
the New and Active-Control Treatments

Active | New
Control | Treatment
Better | Better

Noninferiority
margin

Noninferiority|not demonstrated

i
|
i
|
i
i
|
i L Noninferiority demonstrated
i
|
i
|
i
|
i
.
T

0

Difference in Efficacy
(New Treatment Minus Active Control)

In the top example, the lower limit of the confidence interval lies to the left of the
noninferiority margin, demonstrating that the results are consistent with greater
inferiority (worse efficacy) than allowed by the noninferiority margin. Thus, the
new treatment may be inferior and noninferiority is not demonstrated. In the
lower example, the lower limit of the confidence interval lies to the right of the
noninferiority margin, demonstrating noninferiority of the new treatment relative
to the active-control treatment. The overall result of the trial is defined by the
lower limit of the 1-sided confidence interval rather than by the point estimate for
the treatment effect, so point estimates are not shown.
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the experimental treatment is more effective. These 3 options will
result in larger, intermediate, and smaller required sample sizes, re-
spectively, to achieve the same trial power—the chance of demon-
strating noninferiority—because they assume progressively better
efficacy of the experimental treatment.

Because a noninferiority trial only aims to demonstrate nonin-
feriority and does not aim to distinguish noninferiority from supe-
riority, it is analyzed using a 1-sided confidence interval (Figure) or
hypothesis test. Typically, a 1-sided 95% or 97.5% Cl (-L to «; nega-
tive values represent inferiority of the experimental treatment) is
constructed for the difference between the 2 treatments, and the
lower limit, -L, is compared with the noninferiority margin. Nonin-
feriority is demonstrated if the lower confidence limit lies above or
to the right of the noninferiority margin.>¢

What Are the Limitations of Noninferiority Trials?

A negative noninferiority trial does not in general demonstrate in-
feriority of the experimental treatment, just as a negative superior-
ity trial does not demonstrate equivalence of 2 treatments.

A noninferiority trial is similar to an equivalence trial in that the
objective of both is to demonstrate that the intervention matches
the action of the established therapy within a prespecified margin.
However, the objective of a noninferiority trial is only to demon-
strate that the experimental treatment is not substantially worse than
the standard treatment, whereas that of an equivalence trial is to
demonstrate that the experimental treatment is neither worse than
nor better than the standard treatment.>

Why Was a Noninferiority Trial Conducted in This Case?

Ever since McBurney demonstrated reduced morbidity from pelvic
infections with appendectomy, the standard treatment for acute ap-
pendicitis has been surgery, which requires general anesthesia, in-
cursincreased cost, and is associated with postoperative complica-
tions, such as wound infections and adhesions. Thus, aless invasive
approach with similar efficacy might be preferred by many pa-
tients and physicians. Three randomized trials summarized in a re-
cent Cochrane analysis demonstrated equipoise as to whether ap-
pendicitis can successfully be treated with antibiotics alone rather
than surgery.” Because appendectomy is viewed as the standard
treatment, it was considered the active control with which the less
invasive experimental antibiotic treatment was to be compared.

Todesign the clinical trial, Salminen et al assumed a surgical treat-
ment success rate of 99% and prespecified a noninferiority margin
of -24% based on clinical considerations. This is equivalent to say-
ing that if the rate of treatment success with antibiotics alone could
be shown to be no worse than 24% worse than the rate with sur-
gery, then the antibiotic-only strategy would be clinically noninfe-
rior. As this study demonstrates, the selection of the noninferiority
margin is often subjective rather than based on specific criteria.

How Should the Results Be Interpreted?

The results demonstrated that all but 1of 273 patients randomized
to the surgery group underwent successful appendectomy, result-
ing in a treatment efficacy of 99.6%. In the antibiotic treatment
group, 186 of 256 patients available for follow-up had treatment suc-
cesses, for a success rate of 72.7%; 70 of the 256 patients under-
went surgical intervention within 1year of initial presentation. Thus,
the point estimate for the difference in success rate with the anti-
biotic-only strategy was -27.0% and the associated 1-tailed 95% Cl
would range from -31.6% to infinity. Because that interval includes
efficacy values worse than the noninferiority margin of ~24%, non-
inferiority cannot be demonstrated.

Caveats to Consider When Looking at a Noninferiority Trial
Noninferiority active-controlled trials often require a larger sample
size than placebo-controlled trials, in part because the chosen non-
inferiority margins are often small. The required sample size foranon-
inferiority trial is highly dependent on the noninferiority margin and
the assumed effect of the new treatment; this assumed effect must
be clearly stated and realistic.

The primary analysis for a superiority trial should be based on
the intention-to-treat (ITT) principle because it is generally conser-
vative in the setting of imperfect adherence to treatment. How-
ever, analyzing a noninferiority trial by ITT could make an inferior
treatment appear to be noninferior if poor patient adherence re-
sultedin both treatments being similarly ineffective. Thus, when ana-
lyzing a noninferiority trial, both ITT and per-protocol analyses should
be conducted. The results are most meaningful when both ap-
proaches demonstrate noninferiority.

A noninferiority trial does not distinguish between a new treat-
ment that is noninferior and one that is truly superior and cannot
demonstrate equivalence.
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Sample Size Calculation for a Hypothesis Test

Lynne Stokes, PhD

In this issue of JAMA, Koegelenberg et al' report the results of a
randomized clinical trial (RCT) that investigated whether treat-
ment with a nicotine patch in addition to varenicline produced

higher rates of smoking absti-
< nence than varenicline alone.
Related article page 155 The primary results were posi-

tive; that is, patients receiving
the combination therapy were more likely to achieve continuous
abstinence at 12 weeks than patients receiving varenicline alone.
The absolute difference in the abstinence rate was estimated to
be approximately 14%, which was statistically significant at level
a=.05.

These findings differed from the results reported in 2 previous
studies®> of the same question, which detected no difference in
treatments. What explains this difference? One explanation of-
fered by the authors is that the previous studies “...may have been
inadequately powered,” which means the sample size in those stud-
ies may have been too small to identify a difference between the
treatments tested.

Use of the Method

Why Is Power Analysis Used?

The sample size in a research investigation should be large enough
that differences occurring by chance are rare but should not be larger
than necessary, to avoid waste of resources and to prevent expo-
sure of research participants to risk associated with the interven-
tions. With any study, but especially if the study sample size is very
small, any difference in observed rates can happen by chance and
thus cannot be considered statistically significant.

In developing the methods for a study, investigators conduct a
power analysis to calculate sample size. The power of a hypothesis
test is the probability of obtaining a statistically significant result
when there is a true difference in treatments. For example, sup-
pose, as Koegelenberg et al' did, that the smoking abstinence rate
were 45% for varenicline alone and 14% larger, or 59%, for the com-
bination regimen. Power is the probability that, under these condi-
tions, the trial would detect a difference in rates large enough to be
statistically significant at a certain level a (ie, ais the probability of a
type | error, which occurs by rejecting a null hypothesis that is ac-
tually true).

Power can also be thought of as the probability of the comple-
ment of a type Il error. If we accept a 20% type Il error for a differ-
enceinrates of size d, we are saying that there is a 20% chance that
we do not detect the difference between groups when the differ-
enceintheirratesis d. The complement of this, 0.8 =1- 0.2, orthe
statistical power, means that when a difference of d exists, there is
an 80% chance that our statistical test will detect it.

The Figure illustrates the relationship between sample size
and power for the test described. The orange line shows the
power for the parameter settings above (baseline rate of 45% and

JAMA July9,2014 Volume 312, Number 2

Figure. Power for Detecting Difference and Sample Size
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For a baseline rate of 45% and a minimum detectable difference (MDD) of 14%,
the target sample size of 398 (199 in each group) will produce a power of 80%
when ais set to .05. When the MDD is 12%, the resulting sample size is 542

(2 x 271) to achieve a power of 80%.

minimum detectable difference, or MDD, of 14%), when signifi-
cance level a is set to .05. For this scenario, the authors’ target
sample size of 398 (199 in each group) will produce a power of
80%. All these values (45%, 14%, .05, 80%) must be selected at
the planning stage of the study to carry out this calculation. The
significance level and power are “rule-of-thumb” choices and are
typically not based on the specifics of the study. If the researcher
wants to reduce the probability of making a type | error (a = .05)
or to increase the probability of detecting the specified difference
(power = 80%), then these values can be changed. Either change
will require a larger sample size.

Selecting the baseline rate and MDD requires the expertise of
the researcher. The baseline rate is typically available from the lit-
erature, because this rate is often based on a therapy that has
been studied. The MDD choice is more subjective. It should be a
clinically meaningful rate difference, or a scientifically important
rate difference, or both, that is also feasible to detect. For
example, if the combination therapy of varenicline and nicotine
patch increased abstinence by 0.1%, this difference would not be
of practical benefit, would require an extremely large sample size,
and would thus be too small a setting for the MDD. If the MDD
were specified as 50%, the new therapy would have to be 95%
effective (45% + 50%) before there would be a high chance of
detecting any difference, so would be too large for the MDD. The
authors based their choice of MDD = 14% on a compromise
between their judgment of a clinically important difference, 12%,
and the scientifically meaningful value of 16%. The 16% rate was
the observed difference in a study that compared varenicline
alone and together with nicotine gum.* Thus, the ability to con-
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firm a difference that is slightly smaller for a related treatment
was considered scientifically important.

What Are the Limitations of Power Analysis?

Calculation of sample size requires predictions of baseline rates and
MDD, which may not be readily available, before the study begins.
The sample size is especially sensitive to the MDD. This is illus-
trated by the blue line in the Figure, which shows the sample size
needed in this study if the MDD were set to 12%. The resulting sample
size is 542 (2 x 271) to achieve a power of 80%.

This method of conducting a power analysis might also pro-
duce the incorrect sample size if the data analysis conducted dif-
fers from that planned. For example, if abstinence were affected
by other covariates, such as age, and the groups were unbalanced
on this variable, other analyses might be used, such as logistic
regression models accounting for covariate differences. The
sample size that would be appropriate for one analysis may be
too large or small to achieve the same power with another ana-
lytic procedure.

Why Did the Authors Use Power Analysis in This Particular Study?
The number of research participants available for any study is lim-
ited by resources. However, the authors were aware that previous
studies comparing these treatments had found no significant dif-
ference in abstinence rates. This can occur even if a difference
exists if the sample size is too small. The authors wanted to
ensure that their sample size was adequate to detect even a small
but clinically important difference, so they carefully evaluated
sample size.
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How Should This Method's Findings Be Interpreted

in This Particular Study?

A power analysis can help with the interpretation of study findings
when statistically significant effects are not found. However, be-
cause the findings in the study by Koegelenberg et al' were statis-
tically significant, interpretation of a lack of significance was unnec-
essary. If no statistically significant difference in abstinence rates had
been found, the authors could have noted that, “The study was suf-
ficiently powered to have a high chance of detecting a difference of
14% in abstinence rates. Thus, any undetected difference is likely
to be of little clinical benefit.”

Caveats to Consider When Looking at Results Based

on Power Analysis

Sample size calculation based on any power analysis requires input
from the researcher prior to the study. Some of these are assump-
tions and predictions of fact (such as the baseline rate), which may
beincorrect. Others reflect the clinical judgment of the researcher
(eg, MDD), with which the reader may disagree. If a statistically sig-
nificant effect is not found, the reader should assess whether either
of these are concerns.

The reader should also notinterpret a lack of significance for an
outcome other than the one on which the power analysis was based
as confirmation that no difference exists, because the analysisis spe-
cific to the parameter settings. For example, no significant differ-
ence was found in this study for most adverse events rates, al-
though the power analysis does not apply to these rates. Thus, the
sample size may not be adequate to interpret that finding to con-
firm that no meaningful difference in these outcomes exists.
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Interpretation of Clinical Trials That Stopped Early

Kert Viele, PhD; Anna McGlothlin, PhD; Kristine Broglio, MS

Clinical trials require significantresources to complete in terms of
patients, investigators, and time and should be carefully designed
and conducted so that they use the minimum amount of resources
necessary to answer the motivating clinical question. The size of a
clinical trial is typically based on the minimum number of patients
required to have high probability of detecting the anticipated treat-
ment effect. However, it is possible that strong evidence could
emerge earlier in the trial either in favor of or against the benefit of
the novel treatment. If early trial results are compelling, stopping
the trial before the maximum planned sample size is reached pre-
sents ethical advantages for patients inside and outside the trial
and can save resources that can be redirected to other clinical
questions. This advantage must be balanced against the potential
for overestimation of the treatment effect and other limitations of
smaller trials (eg, limited safety data, less information about treat-
ment effects in subgroups).

Many methods have been proposed to allow formalincorpora-
tion of early stopping into a clinical trial."? All of these methods al-
low a trial to stop at a prespecified interim analysis while maintain-
ing good statistical properties. Data monitoring committees or other
similar governing bodies may also monitor the progress of a trial and
recommend stopping the trial early in the absence of a prespeci-
fied formal rule. An overwhelmingly positive treatment effect might
lead to a recommendation for unplanned early stopping but, more
commonly, unplanned early stopping results from concerns for par-
ticipant safety, lack of observed benefit, or concerns about the fea-
sibility of continuing the trial due to slow patient accrual or new ex-
ternal information. Trials stopped for success in an ad hoc manner
arechallenging tointerpret rigorously. In this article, we focus on early
stopping for success or futility based on formal, prespecified stop-
ping rules.

In the December 15, 2015, issue of JAMA, Stupp et al® reported
the results of a trial assessing electric tumor-treating fields plus te-
mozolomide vs temozolomide alone in patients with glioblastoma.
The trial design included a preplanned interim analysis defined ac-
cordingto an early stopping procedure. The trial was stopped for suc-
cess at the interim analysis, reporting a hazard ratio of 0.62 for the
primary end point of progression-free survival.

Use of the Method

Why Is Early Stopping Used?

When 2 treatments are compared in a randomized clinical trial, the
treatment effects observed both during the trial and when the trial
ends are subject to random highs and lows that depart from the true
treatment effect. Sample sizes for trials are selected to reliably de-
tect an anticipated treatment effect even if a modest, random low
observed treatment effect occurs at the final analysis. If such a ran-
dom low value does not occur or the true treatment effect is larger
than anticipated, the extra study participants required to provide
this protection against a false-negative result may not be neces-

JAMA April19,2016 Volume 315, Number 15

sary. During the course of a trial, strong evidence may accumulate
that the experimental treatment offers a benefit. This may be from
a large observed treatment effect emerging early in a trial or from
the anticipated treatment effect being observed as early as two-
thirds of the way through a trial.

Conversely, evidence could accumulate early in a trial that the
experimental treatment performs no better than the control. In a
trial with no provision for early stopping, patients would continue
to be exposed to the potential harms of the experimental therapy
with no hope of benefit. Interim analyses to stop trials early for fu-
tility may avoid this risk. Trials may also stop early for futility if there
is a limited likelihood of eventual success.*

What Are the Limitations of Early Stopping?

One key statistical issue with early stopping, particularly early stop-
ping for success, is accounting for multiple “looks” at the data. Accu-
mulating data, particularly early in the trial with a smaller number of
observations, is likely to exhibit larger random highs and lows of val-
ues for the treatment effects. The more frequently the data are ana-
lyzed as they accumulate, the greater the chance of observing one of
these fluctuations. Rules allowing early stopping therefore require a
higher level of evidence, such as alower Pvalue, at each interim analy-
sis than would be required at the end of a trial with no potential for
early stopping. Taken together, the multiple looks at the data, each
requiring a higher bar for success, lead to the same overall chance of
falsely declaring success (type | error) as a trial with the usual crite-
rion for success (eg, a P<.05) and no potential for early stopping.

Early stopping for futility requires no such adjustment. There
are no added opportunities to declare a success; thus, no statistical
adjustment to the success threshold is required. However, futility
stopping may reduce the power of the trial by stopping trials based
onarandom low value for the treatment effect that could have gone
on to be successful. This reduction in power is usually quite small.

Success thresholds are typically chosen to be more conserva-
tive for interim analyses than for the final analysis should the trial
continue to completion. The O'Brien-Fleming method, for ex-
ample, requires very small P values to declare success early in the
trial and then maintains a final P value very close to the traditional
.05 level at the final analysis.! Using this method, very few trials could
be successful at the interim analyses that would not have been suc-
cessful at the final analysis. Thus, there is a minimal “penalty” for the
interim analyses. The more conservative the early stopping crite-
ria, the more assurance there is that an early stop for success is not
a false-positive result.

While methods such as O'Brien-Fleming protect against falsely
declaring an ineffective drug successful, the accuracy of estimates
of the treatment effect in trials that have stopped early for success
remains a concern.” When considering the true effect of a treat-
ment, bias is introduced when considering only trials that have ob-
served alarge enough treatment effect to meet the critical value for
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success. By definition, successful trials have larger treatment ef-
fects than unsuccessful trials; thus, successful trials include more ran-
dom highs than random lows. As such, small trials that end in suc-
cess, either at the end or early, are prone to overestimating the
treatment effect. The larger the observed treatment effect, the more
likely it is an extreme random high, and the greater the chance for
overestimation. If the trial were continued, with the enrollment of
additional patients, it is likely that there would be a reduction of the
observed treatment effect. In other words, trials with very impres-
sive early results are likely to become less impressive after observ-
ing more data, and this should be taken into account when moni-
toring and interpreting such trials. Extreme attenuation, such as a
complete disappearance of the observed treatment benefit, how-
ever, is less likely.

Why Did the Authors Use Early Stopping in This Study?

Glioblastoma is an aggressive cancer with few treatment options.
Inthe report by Stupp et al,3 enrollment was largely complete at the
time of the interim analysis. However, the interim analysis allowed
the possibility that a beneficial result could be disseminated many
months (potentially years) earlier in advance of the fully mature data.

How Should Early Stopping Be Interpreted in This Particular Study?

The primary analysis in this study found a hazard ratio of 0.62
(P =.001) based on 18 months of follow-up from the first 315 pa-
tients enrolled. This s strong evidence of a treatment benefit for tu-
mor-treating fields plus temozolomide in this population. How-
ever, care should be taken when interpreting the estimated benefit
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corresponding to a hazard ratio of 0.62. Given the potential for an
overestimated treatment effect, combined with the generalintrac-
tability of treating glioblastoma, there is good reason to suspect that
the actual benefit of tumor-treating fields, while present, might be
smaller than that observed in the study. A robustness analysis (ie, a
supplementary or supporting analysis conducted to see how con-
sistent the results are if different approaches were taken in con-
ducting the analysis), based on the then-available data from all par-
ticipants, illustrates this pattern. That analysis resulted in a hazard
ratio of 0.69 (95% Cl, 0.55-0.86), also with a P<.001. The result re-
mained statistically significant, but the magnitude of the treat-
ment effect was smaller.

Caveats to Consider When Looking at a Trial

That Stopped Early

Itisimportant to consider trial design, quality of trial conduct, safety
and secondary end points, and other supplementary data whenin-
terpreting the results of any clinical trial. For trials that stop early for
success, the statistical superiority of an experimental treatment is
straightforward when the early stopping was preplanned and it is
reasonable to preserve patient resources and time once the pri-
mary objective of a trial has been addressed. Early stopping proce-
dures protect against a false conclusion of superiority. However, if
the result seemsimplausibly good, there is a high likelihood that the
true effectis smaller than the observed effect. In that light, the ben-
efits of early stopping, to patients both in and out of the trial, must
be weighed against how much potential additional knowledge would
be gained if the trial were continued.
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Cluster Randomized Trials

Evaluating Treatments Applied to Groups

William J. Meurer, MD, MS; Roger J. Lewis, MD, PhD

Sometimes a new treatment is best introduced to an entire group
of patients rather than to individual patients. Examples include
when the new approach requires procedures be followed by mul-
tiple members of a health care team or when the new technique is
applied to the environment of care (eg, a method for cleaning a
hospital room before it is known which patient will be assigned the
room). This avoids confusion that could occur if all caregivers had
to keep track of which patients were being treated the old way and
which were being treated the new way.

One approach to evaluate the efficacy of such treatments—
treatments for which the application typically involves changes at
the level of the health care practice, hospital unit, or even health
care system—is to conduct a cluster randomized trial. In a cluster
randomized trial, study participants are randomized in groups or
clusters so that all members within a single group are assigned to
either the experimental intervention or the control.? This con-
trasts with the more familiar randomized clinical trial (RCT) in
which randomization occurs at the level of the individual partici-
pant, and the treatment assigned to one study participant is
essentially independent of the treatment assigned to any other.
In a cluster randomized trial, the cluster is the unit randomized,
whereas in a traditional RCT, the individual study participant is
randomized. In both types of trials, however, the outcomes of
interest are recorded for each participant individually.

Although there are both theoretical and pragmatic reasons for
using cluster randomization in a clinical trial, doing so introduces a
fundamental challenge to those analyzing and interpreting the
results of the trial: study participants from the same cluster
(eg. patients treated within the same medical practice or hospital
unit) tend to be more similar to each other than participants from
different clusters.? This nearly universal fact violates a common
assumption of most statistical tests, namely, that individual obser-
vations are independent of each other. To obtain valid results, a
cluster randomized trial must be analyzed using statistical meth-
ods that account for the greater similarity between individual par-
ticipants from the same cluster compared with those from differ-
ent clusters.>*

In a recent JAMA article, Curley et al® reported the results of
RESTORE, a cluster randomized clinical trial evaluating a nurse-
implemented, goal-directed sedation protocol for children with
acute respiratory failure receiving mechanical ventilation in the
intensive care setting, comparing this approach with usual care.
The trial evaluated the primary hypothesis that the intervention
group—patients treated in intensive care units (ICUs) using the
goal-directed sedation protocol—would have a shorter duration of
mechanical ventilation. Thirty-one pediatric ICUs, the “clusters,”
were randomized to either implement the goal-directed sedation
protocol or continue their usual care practices.

JAMA May 26,2015 Volume 313, Number 20

Use of the Method

Why Is Cluster Randomization Used?

Cluster randomization should be used when it would be impracti-
cal orimpossible to assign and correctly deliver the experimental and
control treatments to individual study participants."? Typical situ-
ations include the study of interventions that must be imple-
mented by multiple team members, that affect workflow, or
that alter the structure of care delivery. As in the RESTORE trial, in-
terventions thatinvolve training multidisciplinary health care teams
are practically difficult to conduct using individual-level randomiza-
tion, as health care practitioners cannot easily unlearn a new way
of taking care of patients.

Cluster randomizationis often used to reduce the mixing or con-
tamination of treatments in the 2 groups of the trial, as might occur
if patients in the control group start to be treated using some of the
approaches included in the experimental treatment group, per-
haps because the practitioners become habituated to the experi-
mental approach or perceive it to be superior.? For example, con-
sider aninjury prevention trial testing the effect of offering bicycle
helmets to students in a classroom on the incidence of subsequent
head injury. If a conventional RCT were conducted and half of the
students in each classroom received helmets, it is likely that some
of the other half of students would inform their parents about the
ongoing intervention and many of these children might also begin
to use bicycle helmets. Contamination is a form of crossover be-
tween treatment groups and will generally reduce the observed
treatment effect using the usual intent-to-treat analysis.® Cluster ran-
domization may also be used to reduce potential selection bias. Phy-
sicians choosing individual patients from their practice to consent
for randomization may tend to enroll patients with specific charac-
teristics (eg, lesser or greater illness severity), reducing the exter-
nal validity of the trial. Assignment of the treatment group at the prac-
tice level, with the application of the assigned treatment to all
patients treated within the practice, may minimize this problem.

Using a cluster randomized design also can offer practical ad-
vantages. For example, if 2 or more treatments are considered to
be within the standard of care, and depending on the risks associ-
ated with treatment, streamlined consent procedures or even in-
tegration of general and research consents may be used to reduce
barriers to participation and ensure a truly representative patient
population is enrolled in the trial.”

What Are Limitations of Cluster Randomization?

Any time data are clustered, the statistical analysis must use tech-
niques that account for the likeness of cluster members.? Exten-
sions of the more-familiar regression models that are appropriate
for the analysis of clustered data include generalized estimating equa-
tions (as used in RESTORE), mixed linear models, and hierarchical
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models. While the proper use of these approaches is complex, the
informed reader should be alert to statements that the analysis
method was selected to account for the similarity or correlations of
datawithin each cluster. Theintracluster correlation coefficient (ICC)
quantifies the likeness within clusters and ranges from O to 1,
althoughitis frequently in the 0.02 to 0.1 range.* A value of O means
each member of the cluster is not more like the other members, with
respect to the measured characteristic, than they are to the popu-
lation at large, so each additional individual contributes the same
amount of new information. In contrast, a value of 1means that each
member of the cluster is exactly the same as the others in the clus-
ter, so any participants beyond the first contribute no additional in-
formation at all. A larger ICC, representing greater similarity of re-
sults within clusters, will decrease the effective sample size of the
trial, reducing the precision of estimates of treatment effects and
the power of the trial.2 If the ICC is high, the effective sample size
will be closer to the number of groups, and if the ICC is low, the ef-
fective sample size will be closer to the total number of individuals
in the trial.

Itis often impossible to maintain blinding of treatment assign-
ment in a cluster randomized trial, both because of the nature of
treatments and because of the number of patients in a given loca-
tionall receiving the same treatment. It is well known that trials evalu-
ating nonblinded interventions have a greater risk of bias.

Why Did the Authors Use Cluster Randomization

in This Particular Study?

The RESTORE trial investigators used cluster randomization be-
cause they were introducing a nurse-implemented, goal-directed se-
dation protocol that required a change in behavior among multiple
caregivers within each ICU. A major component of the experimen-
tal intervention was educating the critical care personnel regarding
the perceived benefits and risks of sedation agents and use pat-
terns relative to others. Had individual-level randomization been
used to allocate patients, itis highly likely that the patients random-
ized to standard care would have received care that was some-
where between the prior standard and the new protocol, because
allICU caregivers would have beeninformed about the scientificand
pharmacological basis for the goal-directed sedation protocol.
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How Should Cluster Randomization Findings Be Interpreted

in This Particular Study?

As in any clinical trial, randomization may or may not work effec-
tively to create similar groups of patients. In RESTORE, some differ-
ences between the intervention groups were observed that might
partially explain the negative primary outcome. Specifically, the in-
tervention group had a greater proportion of younger children—a
group that is more difficult to sedate.® The RESTORE investigators
used randomization in blocks to ensure balance of pediatric ICU sizes
between groups; methods exist to balance groups in cluster trials
on multiple factors simultaneously.® Although the RESTORE trial
yielded a negative primary outcome, the authors noted some prom-
ising secondary outcomes related to clinicians' perception of pa-
tient comfort. However, these assessments were unblinded and thus
may be subject to bias.

Caveats to Consider When Looking
at a Cluster Randomized Trial
When evaluating a cluster randomized trial, the first consideration
is whether the use of clustering was well justified. Would it have been
possible to use individual-level randomization and maintain fidel-
ity in treatment allocation and administration? What would be
the likelihood of contamination? Cluster randomization cannot
minimize baseline differences between 2 treatment groups as effi-
ciently as individual-level randomization. The design must be justi-
fied for scientific or logistical reasons to accept this trade-off.'°

Second, the usual sources of bias should be considered, such
as patient knowledge of treatment assignment and unblinded as-
sessments of outcome. Although not specific to cluster random-
ized trials, these sources of bias tend to be more problematic.

Third, it is important to consider whether the intracluster cor-
relation was appropriately accounted for in the design, analysis, and
interpretation of the trial."'® During the design, the likely ICC should
be considered to ensure the planned sample size is adequate. The
analysis should be based on statistical methods that account for clus-
tering, such as generalized estimating equations.

Finally, the interpretation should consider the extent with which
the 2 treatment groups contained an adequate number, size, and simi-
larity of clusters and whether any clusters were lost to follow-up.
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Case-Control Studies

Using “Real-world" Evidence to Assess Association

Telba Z. Irony, PhD

Associations between patient characteristics or treatments re-
ceived and clinical outcomes are often first described using observa-
tional data, such as data arising through usual clinical care without the

experimental assignment of
treatments that occurs in a ran-
.Relat.ed article at. ) domized clinical trial (RCT). These
jamainternalmedicine.com ..

data based on usual clinical care
are referred to by some as “real-world” data. A key strategy for effi-
ciently finding such associations is to use a case-control study.' In a
recent issue of JAMA Internal Medicine, Wang et al® assessed the as-
sociation between cardiovascular disease (CVD) and use of inhaled
long-acting B,-agonists (LABAs) or long-acting antimuscarinic antago-
nists (LAMAs) in chronic obstructive pulmonary disease (COPD),
utilizing a nested case-control study.

Explanation of the Method

What Are Case-Control and Nested Case-Control Studies?

A case-control study compares individuals who had the outcome of
interest (cases) vs individuals who did not have that outcome (con-
trols) with respect to exposure to a potential “risk factor.” The goal
is to determine if there is an association between the risk factor and
the outcome. The risk factor may be a behavior such as tobacco use,
a patient characteristic, or a treatment. The ideais to define a popu-
lation or cohort, identify the cases and controls in the population, and
retrospectively determine which patients in each group were exposed
to therisk factor; the case-control study works backward from out-
come to exposure (Figure). A higher proportion of individuals with
exposure to therisk factor among cases than among controls suggests
that the risk factor is associated with the outcome. The term control
refers to anindividual who did not have the outcome; in contrast, the
same terminaclinical trial refers to a study participant who receives
the standard (or placebo) treatment.

In a nested case-control study, the cases are identified in a large
cohort and, for each case, a specified number of controls matching
the case are selected from the cohort. The selected controls should
match the cases with respect to characteristics, other than the risk fac-
tor, thatare likely related to the outcome of interest. Because it is easier
to find controls than cases when the outcome is rare, increasing the
number of controls beyond the number of cases (eg, 2:1or 3:1match-
ing) may be used to improve study precision.

The nested case-control study by Wang et al? used data from
284220 LABA-LAMA-naive patients with COPD retrieved from the
Taiwan National Health Insurance Research Database with health care
claims from 2007 to 2011. Cases (n = 37 719) were patients who had
inpatient or emergency care visits for coronary artery disease, heart
failure, ischemic stroke, or arrhythmia (CVD events). Each patient was
matched to 4 controls (n = 146 139) without visits for these disorders.

Inacase-control study, the most common measure of association
between exposure and outcome is the odds ratio (OR), which aims to
compare the occurrence of the outcome in the presence of the expo-
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Figure. Hypothetical Example of a Case-Control Study

Example of Case-Control Study Analysis
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(recent cardiac event)

(3 Controls selected for similar distribution of H Hypertension
hypertension and/or diabetes as the cases D Diabetes
(@ Exposure to risk factor or treatment
compared between cases and controls
Cases Controls
H & H £ H H
D D
H & H f H H
D D
4 Ha :
D D D D

Exposure to arisk factor (in this case, new COPD inhaler use) changes the chance

of subsequently developing the outcome of interest. However, in conducting
acase-control study, the outcome (in this case, a cardiovascular event) is usedinitially
to define cases and controls, and then the distribution of the exposure is assessed.

sure vs in the absence of the exposure.® In practice, the OR in a case-
control study is the ratio of the odds of exposure among the cases tothe
odds of exposure among the controls, where the odds of exposure is
the probability of exposure divided by the probability of no exposure.
The prevalence of the exposure is compared between cases and con-
trols and not the other way around. However, because the OR treats out-
come and exposure symmetrically, it provides the desired measure of
association. If the ORis greater than 1, the exposure is associated with
the outcome, ie, having the exposure increases the odds of havingan
outcome (and vice versa). The OR is a measure of effect size; the larger
the OR, the stronger the association.

In the study by Wang et al,? new use of LABA occurred in 520
cases (1.4%) and 1186 controls (0.8%), resulting in an adjusted odds
ratio of 1.50 (95% Cl, 1.35-1.67). New use of LAMA occurred in 190
cases (0.5%) and 463 controls (0.3%), resulting in an adjusted odds
ratio of 1.52 (95% Cl, 1.28-1.80). An OR of 1.5 represents a modest
association* between outcome (CVD) and exposure (LABA and
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LAMA). Thus, the authors found that new use of LABAs or LAMAs
was associated with a modest increase in cardiovascular risk in pa-
tients with COPD, within 30 days of therapy initiation.

Why Are Case-Control Studies Used?

Case-control studies are time-efficient and less costly than RCTs, par-
ticularly when the outcome of interest is rare or takes a long time to
occur, because the cases are identified at study onset and the out-
comes have already occurred with no need for a long-term follow-
up. The case-control design is useful in exploratory studies to as-
sess a possible association between an exposure and outcome.
Nested case-control studies are less expensive than full cohort stud-
ies because the exposure is only assessed for the cases and for the
selected controls, not for the full cohort.

Limitations of Case-Control Studies
Case-control studies are retrospective and data quality must be care-
fully evaluated to avoid bias. For instance, because individuals in-
cluded in the study and evaluators need to consider exposures and
outcomes that happened in the past, these studies may be subject
torecall bias and observer bias. Because the controls are selected ret-
rospectively, such studies are also subject to selection bias, which may
make the case and control groups not comparable. For a valid com-
parison, appropriate controls must be used, ie, selected controls must
be representative of the population that produced the cases. Theideal
control group would be generated by arandom sample from the gen-
eral population that generated the cases. If controls are not repre-
sentative of the population, selection bias may occur.

Case-control studies provide less compelling evidence than RCTs.
Due to randomization, treatment and control groups in RCTs tend to
be similar with respect to baseline variables, including unmeasured
ones.” Because the only difference between treatment and control
groups is the treatment, RCTs can demonstrate causation between
treatment and outcome. In case-control studies, case and control
groups are similar with respect to the matching variables, but are not
necessarily similar with respect to unmeasured variables. Such stud-
ies are susceptible to confounding, which occurs when the exposure
and the outcome are both associated with a third unmeasured
variable.® Unlike RCTs, case-control studies demonstrate association
between exposure and outcome but do not demonstrate causation.

The objective of case-control studies is to compare the occur-
rence of an outcome with and without an exposure. The relative risk

(RR), which s the ratio between the probability of the outcome when
exposed and the probability of the outcome when not exposed, pro-
vides a straightforward comparison measure but, because the case-
control study design does not allow for the estimation of the occur-
rence of the outcome in the population (ie, incidence or prevalence),
the RR cannot be determined from a case-control study. A case-
control study can only estimate the OR, which is the ratio of odds
and not the ratio of probabilities. The OR approximates the RR for
rare outcomes, but differs substantially when the outcome of inter-
est is common. In addition, case-control studies are limited to the
examination of one outcome, and it is difficult to examine the tem-
poral sequence between exposure and outcome.

Despite these limitations, case-control studies and other “real-
world" evidence can provide valuable empirical evidence to comple-
ment RCTs. Additionally, case-control studies may be able to ad-
dress questions for which an RCT is either not feasible or not ethical.”

How Was the Method Applied in This Case?

In the case-control study by Wang et al, the exposure to LABA
and LAMA use for both cases and controls in the year preceding
the occurrence of the CVD event was measured and stratified by
duration since initiation of LABA or LAMA into 4 groups: current
(=30 days), recent (31-90 days), past (91-180 days). and remote
(>180 days). Additional stratification on concomitant COPD medi-
cations and other factors was also conducted. The data source
used in the study (Taiwan National Health Insurance Research
Database) mitigates data quality concerns because it is national,
universal, compulsory, and subject to periodic audits. Overall, the
authors found that new use of LABAs or LAMAs was associated
with a modest increase in cardiovascular risk in patients with
COPD, within 30 days of therapy initiation, and this finding was
strengthened by the steps taken to ensure data quality and com-
parability of cases and controls.

How Does the Case-Control Design Affect the Interpretation
of the Study?

Causality cannot be established in a case-control study because there
is no way to control for unmeasured confounders. In the study by Wang
etal,? the use of the disease risk score for predicting CVD events was
helpful to control for measured confounders but could not adjust for
unmeasured confounders. The authors mitigated further possible con-
founding effects by conducting extensive sensitivity analyses.
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Decision Curve Analysis

Mark Fitzgerald, PhD; Benjamin R. Saville, PhD; Roger J. Lewis, MD, PhD

Decision curve analysis (DCA) is a method for evaluating the ben-
efits of a diagnostic test across a range of patient preferences for
accepting risk of undertreatment and overtreatment to facilitate

decisions about test selection
&= and use." In this issue of JAMA,
Siddiqui and colleagues? used
DCA to evaluate 3 prostate
biopsy strategies: targeted magnetic resonance/ultrasound fusion
biopsy, standard extended-sextant biopsy, or a combination, for
establishing the diagnosis of intermediate- to high-risk prostate
cancer. Their goal was to identify the best biopsy strategy to ensure
prostatectomy is offered to patients with intermediate- and high-
risk tumors and avoided for patients with low-risk tumors.

Related article page 390

Use of the Method

Why Is DCA Used?

When patients have signs or symptoms suggestive of but not diag-
nostic of a disease, they and their physician must decide whether
to (1) treat empirically, (2) not treat, or (3) perform further diagnos-
tic testing before deciding between options 1and 2. The decision to
treat depends on how confident the clinician is that the disease is
present, the effectiveness and complications of treatment if the dis-
easeis present, and the patient’s willingness to accept the risks and
burden of a treatment that might not be necessary. A diagnostic test
may provide additional information on whether the disease is
present.® Decision curve analysis is a method to assess the value of
information provided by a diagnostic test by considering the likely
range of a patient’s risk and benefit preferences, without the need
for actually measuring these preferences for a particular patient.’

Akey conceptin DCAis that of a “probability threshold,” namely,
alevel of diagnostic certainty above which the patient would choose
to be treated. The probability threshold used in DCA captures the
relative value the patient places on receiving treatment for the dis-
ease, if present, to the value of avoiding treatment if the disease is
not present. If the treatment has high efficacy and minimal cost, in-
convenience, and adverse effects (eg, oral antibiotics for community-
acquired pneumonia), then the probability threshold will be low; con-
versely, if the treatment is minimally effective or associated with
substantial morbidity (eg, radiation for amalignant brain tumor), then
the probability threshold will be high.

The net benefit, or "benefit score,” is determined by calculat-
ing the difference between the expected benefit and the expected
harm associated with each proposed testing and treatment strat-
egy. The expected benefit is represented by the number of pa-
tients who have the disease and who will receive treatment (true
positives) using the proposed strategy.

The expected harm is represented by number of patients with-
out the disease who would be treated in error (false positives) mul-
tiplied by a weighting factor based on the patient’s threshold prob-
ability. The weighting factor captures the patient's values regarding
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the risks of undertreatment and overtreatment. Specifically, the
false-positive rate is multiplied by the ratio of the threshold prob-
ability divided by 1 - the threshold probability. For example, if the
treatment threshold is 10% (Q.1) for a patient with possible pneu-
monia, then the weighting factor applied to the number of patients
without pneumonia treated in error would be 0.1/0.9, or one-ninth,
minimizing the effect of false-positive results because the burden
of unnecessary treatment is low. Conversely, for a patient with a
brain mass that is possibly malignant, the probability threshold
might be 90% (0.9), leading to a weighting factor of 0.9/01, or 9,
and greatly increasing the effect of the risk of false-positive results
with any proposed testing and treatment strategy.

Graphically, the DCAis expressed as a curve, with benefit score
on the vertical axis and probability thresholds on the horizontal axis.
Acurveis drawn for each approach that might be taken to establish
a diagnosis. Another line is drawn to show what happens when no
treatment is ever given (ie, no net benefit), and another curve is
drawn as if all patients receive treatment irrespective of test re-
sults. For any given patient’s probability threshold, the curve with
the highest benefit score at that threshold is the best choice.!

If one curve is highest over the full range of probability thresh-
olds, then the associated diagnostic approach would be the best de-
cision for all patients, regardless of individual values, and a clinician
can use this approach uniformly. If the curves cross, then the opti-
mal approach will depend on the patient's risk tolerance, ex-
pressed through their probability threshold.

What Are the Limitations of the DCA Method?

For diseases that are not well studied, there may be insufficient
knowledge regarding patient preferences to determine the rel-
evant range of threshold probabilities. Even when the likely range
of probability thresholds is known, if the decision curves cross within
that range, then the clinician must delve deeper into individual pa-
tient preferences to choose a testing and treatment strategy.>

Caution should be used in interpreting DCAs based on pub-
lished ranges of threshold probabilities, particularly when there are
many treatment options available to a patient. A patient is likely to
have a different threshold probability if treatment is, for example,
radiation rather than prostatectomy. The threshold probability needs
to apply to a well-defined path of treatment.

Decision curve analysis does not explicitly account for the
costs (monetary costs, time lost, physical or psychological discom-
fort, etc) associated with the diagnostic test. Further, if the diag-
nostic test provides information about how to treat as well as
whether to treat (eg, a biopsy that yields both a cancer diagnosis
and tumor type, allowing the selection of a specific therapy), the
decision curve does not incorporate the value of this additional
information.

Another challengein correctimplementation of DCAis that the
data required for establishing the curve are often difficult to ob-
tain. There must be sufficient study data for the population of in-
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Figure. Net Benefit as a Function of a Threshold Probability of Intermediate- to High-Risk Prostate Cancer

Net benefit calculation
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benefit of treatment for

intermediate- to high-risk prostate
cancer equivalent to the harm of
overtreatment for low-risk disease
and thus reflects how the patient
weights the benefits and harms
associated with this decision. The
highest curve at any given threshold
probability is the optimal

Treat all regardless of prostate
biopsy results

Treat none regardless of prostate
biopsy results
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10psy decision-making strategy to
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Opt for treatment
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probabilities of 0%-30% by the
“treat all" approach; with threshold
probabilities of 30%-75%, net benefit
was maximized by the targeted
magnetic resonance (MR)/ultrasound
fusion approach; and with
75%-100%, net benefit was
maximized by the “treat none”
approach. (Adapted from
Supplement, Siddiqui et al.?)

terest to whom the diagnostic test has been applied and the true
state of the disease known for each patient at the time of the test.
Afairly large patient study may be needed to establish estimates of
traditional measures of accuracy (sensitivity, specificity).

Why Did the Authors Use DCA in This Particular Study?

There is controversy surrounding the benefits of screening and in-
tervention relative to the costs of unnecessarily treating low-risk
prostate cancers.*> Justification for use of MR/ultrasound fusion-
guided biopsy with ultrasound-guided biopsy to diagnose prostate
cancer must be shown to benefit a broad range of patients.

How Should DCA Findings Be Interpreted in This Particular Study?

The DCA reported by Siddiqui et al?> showed that for patients with
threshold probabilities of 0% to 30%, representing a relative pref-
erence for empirical treatment, the net benefit is greatest if all pa-
tients are treated and that the diagnostic tests do not add suffi-
cientinformation toimprove care (Figure). In this range of threshold
probabilities, patients appear to be more concerned about missing

a diagnosis of cancer than about receiving unnecessary treatment.
For midrange threshold probabilities of 30% to 75%, the targeted
biopsy approachiis superior to other strategies, including the 2 other
diagnostic approaches evaluated. For higher thresholds (>75%) at
which patients may be more concerned about unnecessary treat-
ment than missed cancer, the option to not treat is preferred and
neither diagnostic test has value.

Caveats to Consider When Looking at Results Based on DCA
One shortcoming of this study was the use of a subset of 170 pa-
tients who underwent prostatectomy in constructing the DCA. These
patients self-selected for prostatectomy after learning the results
of their targeted and standard biopsies. This group primarily com-
prised men who had higher cancer risk, resulting in potential bias
when estimating false positives, false negatives, and other diagnos-
tic measures. The patients classified as low risk who still opted for
prostatectomy are patients with low probability thresholds, who
might also be different from the broader population of men with
symptoms or findings suggesting prostate cancer.
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Gatekeeping Strategies for Avoiding False-Positive Results
in Clinical Trials With Many Comparisons

Kabir Yadav, MDCM, MS, MSHS; Roger J. Lewis, MD, PhD

Clinical trials characterizing the effects of an experimental therapy
rarely have only a single outcome of interest. In a previous report in
JAMA," the CLEAN-TAVI investigators evaluated the benefits of a ce-
rebral embolic protection device for stroke prevention during trans-
catheter aortic valve implantation. The primary end point was the re-
duction in the number of ischemic lesions observed 2 days after the
procedure. Theinvestigators were also interested in 16 secondary end
points involving measurement of the number, volume, and timing of
cerebral lesionsin various brain regions. Statistically comparing a large
number of outcomes using the usual significance threshold of .05 is
likely to be misleading because there is a high risk of falsely conclud-
ing that a significant effect is present when none exists.? If 17 com-
parisons are made when thereis no true treatment effect, each com-
parison has a 5% chance of falsely concluding that an observed
difference exists, leading to a 58% chance of falsely concluding at least
1difference exists. The formula1-[1-a]" can be used to calculate the
chance of obtaining at least 1falsely significant result, when there is
no true underlying difference between the groups (in this case ais .05
and N is 17 for the number of tests).

To avoid a false-positive result, while still comparing the mul-
tiple clinically relevant end points used in the CLEAN-TAVI study, the
investigators used a serial gatekeeping approach for statistical test-
ing. This method tests an outcome, and if that outcome is statisti-
cally significant, then the next outcome is tested. This minimizes the
chance of falsely concluding a difference exists when it does not.

Use of the Method

Why Is Serial Gatekeeping Used?

Many methods exist for conducting multiple comparisons while
keeping the overall trial-level risk of a false-positive error at an ac-
ceptable level. The Bonferroni approach? requires a more stringent
criterion for statistical significance (a smaller P value) for each sta-
tistical test, but eachisinterpreted independently of the other com-
parisons. This approach is often considered to be too conservative,
reducing the ability of the trial to detect true benefits when they
exist.* Other methods leverage additional knowledge about the trial
design to allow only the comparisons of interest. In the Dunnett
method for comparing multiple experimental drug doses against a
single control, the number of comparisons is reduced by never com-
paring experimental drug doses against each other.> Multiple com-
parison procedures, including the Hochberg procedure, have been
discussed in a prior JAMA Guide to Statistics and Methods.?

Description of the Method

Aserial gatekeeping procedure controls the false-positive risk by requir-
ing the multiple end points to be compared in a predefined sequence
and stoppingall further testing once a nonsignificant result is obtained.
Agiven comparison might be considered positive if it were placed early
inthe sequence, but the same analysis would be considered negative
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if it were positioned in the sequence after a negative result. By restrict-
ing the pathways for obtaining a positive result, gatekeeping controls
therisk of false-positive results but preserves greater power for the ear-
lier, higher-priority end points. This approach works well to test a se-
quence of secondary end points as in the CLEAN-TAVI study or to test
aseries of branching secondary end points (Figure).

Steps in serial gatekeeping are as follows: (1) determine the or-
der for testing multiple end points, considering their relative impor-
tance and the likelihood that there is a difference in each; (2) test
the first end point against the desired global false-positive rate
(ie, .05) and, if the finding does not reach statistical significance, then
stopall further testing and declare this and all downstream end points
nonsignificant. If testing the first end point is significant, then de-
clare this difference significant and proceed with the testing of the
next end point; (3) test the next end point using a significance thresh-
old of .05; if not significant, stop all further testing and declare this
and all downstream end points nonsignificant. If significant, then de-
clare this difference significant and proceed with the testing of the
next end point; and (4) repeat the prior step until obtaining a first
nonsignificant result, or until all end points have been tested.

As shown in the Figure, this approach can be extended to test
2 or more end points at the same step by using a Bonferroni adjust-
ment to evenly split the false-positive error rate within the step. In
that case, testing is continued until either all branches have ob-
tained afirst nonsignificant result or all end points have been tested.
For example, a neuroimaging end point could be used as a single end
point for the first level, reflecting the assumption that if animprove-
ment in an imaging outcome is not achieved then an improvement
in a patient-centered functional outcome is highly unlikely, fol-
lowed by a split to allow the testing of motor functions on one branch
and verbal functions on the other. This avoids the need to prioritize
either motor or verbal function over the other and may increase the
ability to demonstrate an improvement in either domain.

Serial gatekeeping provides strict control of the false-positive error
rate because it restricts multiple comparisons by sequentially testing
hypotheses until the first nonsignificant test is found, and, no matter
howsignificant later end points appear to be, they are never tested. The
advantage isincreased power for detecting effects on the end points
that appear early in the sequence because they are tested against .05
rather than, eg, .05 divided by the total number of outcomes tested
using a traditional Bonferroni adjustment. By accounting for theimpor-
tance of certain hypotheses over others and by grouping hypotheses
into primary and secondary groups, gatekeeping allocates the trial's
power to be consistent with the investigators' priorities.®

What Are the Limitations of Gatekeeping Strategies?

Gatekeeping strategies are a powerful way to incorporate trial-
specific clinical information to create prespecified ordering of hy-
potheses and mitigate the need to adjust for multiple comparisons
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Figure. Criteria for Statistical Significance That Would Be Used in a Hypothetical Gatekeeping Strategy
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This Figure shows the criteria for statistical significance that would be used in a
hypothetical gatekeeping strategy in which there are 3 levels each with a single
end point, followed by 2 levels with 2 end points each. The 3 end points are
each tested in order against a criterion of .05. All testing stops as soon as 1result
is nonsignificant. If all are significant then a pair of fourth-level end points are
tested, and to preserve the required significance of .05 at that level across 2

end points, the criterion for statistical significance is adjusted with a Bonferroni
correction value of .025 for each. If 1 or both of these end points is significant at
.025, then the next end point in the branch is tested, against a criterion of .025.
If 1or both are nonsignificant, no further testing occurs. If any outcome tested
along a given pathway is not statistically significant, no further outcomes along
that branch are tested because they are assumed to be nonsignificant.

at each stage of testing. The primary challenge in using gatekeeping
is the need to prespecify and truly commit to the order of testing. The
resulting limitationis that if, in retrospect, the order of outcome test-
ing appears ill chosen (eg, if an early end point is negative and im-
portant end points later in the sequence appear to suggest large treat-
ment effects), then there is no rigorous, post hoc method for
statistically evaluating the later end points. This highlights the im-
portance of having a clear data analysis strategy determined before
the trial is started, and maintaining transparency (eg, publishing the
study design and analysis plan on public websites or in journals).

How Was Gatekeeping Used in This Case?

The CLEAN-TAVIinvestigators used a gatekeeping strategy to com-
pare several magnetic resonance imaging end points along with
neurological and neurocognitive performance.! The first was the pri-

mary study end point, the number of brain lesions 2 days after TAVI.
Secondary end points were only tested if the primary one was posi-
tive. Then, up to 16 secondary end points were tested in a defined
sequence. The study was markedly positive, with the primary and
many secondary end points demonstrating benefit. The first 8 com-
parisons were reported in detail in the publication—in their prespeci-
fied order—retaining the structure of the gatekeeping strategy.’

How Should the Results Be Interpreted?

The CLEAN-TAVI clinical trial demonstrated the efficacy of a cere-
bral protection strategy with respect to multiple imaging measures
of ischemic damage. The use of the prespecified gatekeeping strat-
egy should provide assurance that the large number of imaging end
points that were compared was unlikely to have led to false-
positive results.
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Multiple Comparison Procedures

Jing Cao, PhD; Song Zhang, PhD

Problems can arise when researchers try to assess the statistical
significance of more than 1test in a study. In a single test, statistical
significance is often determined based on an observed effect or find-
ing that is unlikely (<5%) to occur due to chance alone. When more
than 1 comparison is made, the chance of falsely detecting a non-
existent effect increases. This is known as the problem of multiple
comparisons (MCs), and adjustments can be made in statistical test-
ing to account for this.!
In thisissue of JAMA, Saitz et al? report results of a randomized
trial evaluating the efficacy of 2 brief counseling interventions (ie, a
brief negotiated interview and an adaptation of a motivational in-
terview, referred to as MOTIV) in reducing drug use in primary care
= patients when compared with
. not having an intervention. Be-
Related article page 502
cause MCs were made, the au-
thors adjusted how they determined statistical significance. In this
article, we explain why adjustment for MCs is appropriatein this study
and point out the limitations, interpretations, and cautions when
using these adjustments.

Use of Method

Why Are Multiple Comparison Procedures Used?

When asingle statistical test is performed at the 5% significance level,
thereis a 5% chance of falsely concluding that a supposed effect ex-
ists when in fact there is none. This is known as making a false dis-
covery or having afalse-positive inference. The significance level rep-
resents the risk of making a false discovery in an individual test,
denoted as the individual error rate (IER). If 20 such tests are con-
ducted, thereis a 5% chance of making a false-positive inference with
each test so that, on average, there will be 1 false discovery in the
20 tests.

Another way to view thisis in terms of probabilities. If the prob-
ability of making a false conclusion (ie, false discovery) is 5% for a
single test in which the effect does not exist, then 95% of the time,
the test will arrive at the correct conclusion (ie, insignificant effect).
With 2 such tests, the probability of finding an insignificant effect with
thefirst test is 95%, as it is for the second. However, the probability
of finding insignificant effects in the first and the second test is

0.95 x 0.95, or 90%. With 20 such tests, the probability that all of
the 20 tests correctly show insignificance s (0.95)%° or 36%. So there
isa100% - 36%, or 64%, chance of at least 1false-positive test oc-
curring among the 20 tests. Because this probability quantifies the
risk of making any false-positive inference by a group, or family, of
tests, it is referred to as the family-wise error rate (FWER). The
FWER generally increases as the number of tests performed in-
creases. For example, assuming IER = 5% and denoting the number
of multiple tests performed as K, then for K = 2 independent tests,
FWER = 1- (0.95)? = 10%; for K = 3, FWER = 1- (0.95) = 14%; and
for K = 20, FWER = 1 - (0.95)%° = 64%. This shows that the risk of
making at least 1false discovery in MCs can be greatly inflated even
if the error rate is well controlled in each individual test.

When MCs are made, to control FWER at a certain level, the
threshold for determining statistical significance in individual tests
must be adjusted.” The simplest approach is known as the Bonfer-
roni correction. It adjusts the statistical significance threshold by the
number of tests. For example, for a FWER fixed at 5%, the IERin a
group of 20 tests is set at 0.05/20 = 0.0025; ie, an individual test
would have to have a P value less than .0025 to be considered sta-
tistically significant. The Bonferroni correction is easy to imple-
ment, but it sets the significance threshold too rigidly, reducing the
statistical procedure’s power to detect true effects.

The Hochberg sequential procedure, which was used in the
study by Saitz et al, takes a different approach.® All of the tests (the
multiple comparisons) are performed and the resultant Pvalues are
ordered from largest to smallest on allist. If the FWER is fixed at 5%
and the largest observed P value is less than .05, then all the tests
are considered significant. Otherwise, if the next largest P value is
less than 0.05/2 (.025), then all the tests except the one with the
largest P value are considered significant. If not, and the third Pvalue
in the list is less than 0.05/3 (.017), then all the tests except those
with the largest 2 P values are considered significant. This is contin-
ued until all the comparisons are made. This approach uses progres-
sively more stringent statistical thresholds with the most stringent
one being the Bonferroni threshold, and thus the approach can
achieve a greater power to detect true effect than the Bonferroni
procedure under appropriate conditions. An example in the Table
consists of 6 tests in MCs; given a FWER of 5%, none of the tests

Table. An Example to Compare the Bonferroni Procedure and the Hochberg Sequential Procedure

Bonferroni Hochberg
Test P Value Threshold Result Threshold Result

1 .40 0.05/6 = 0.008 Not significant 0.05 Not significant

2 .027 0.05/6 = 0.008 Not significant 0.05/2 = 0.025 Not significant

3 .020 0.05/6 = 0.008 Not significant 0.05/3 =0.017 Not significant

4 .012 0.05/6 = 0.008 Not significant 0.05/4 = 0.0125 Significant

5 .011 0.05/6 = 0.008 Not significant NA Significant

6 .010 0.05/6 = 0.008 Not significant NA Significant Abbreviation: NA, not applicable.
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are significant with the Bonferroni procedure. By comparison, 3 tests
are significant with the Hochberg sequential procedure.

What Are the Limitations of Multiple Comparison Procedures?
Statistical procedures to control FWER in MCs were developed to
reduce the risk of making any false-positive discovery. This is offset
by having a lower test power to detect true effects. For example,
when K =10, the Bonferroni-corrected IER is 0.05/10 = 0.005 to
control FWER at 0.05. Under the conventional 2-sided t test, for a
single test in the group to be considered significant, the observed
effect needs to be 43% larger than that with an IER = 0.05. When
K = 20, the Bonferroni-corrected IER is 0.05/20 = 0.0025, and the
observed effect needs to be 54% larger than that withan [ER = 0.05.
This limitation of reduced test power by controlling FWER be-
comes more apparent as the number of tests in MCs increases.

Why Did the Authors Use Multiple Comparison Procedures

in This Particular Study?

In the study by Saitz et al, 2 tests were performed (brief negotiated
interview vs no brief interview and MOTIV vs no brief interview) to
determineif interventions with brief counseling were more effective
in reducing drug use than interventions without counseling. With 2
testsand the IER set at 5%, the risk of falsely concluding at least 1treat-
ment is effective because of chance alone is 10%. To avoid the in-
flated FWER, the authors used the Hochberg sequential procedure.®

How Should This Method's Findings Be Interpreted

in This Particular Study?

Saitz et al found that the adjusted P value* based on the Hoch-
berg procedure was .81 for both the brief negotiated interview
and MOTIV vs no brief interview. The study did not provide suffi-
cient evidence to claim that interventions with brief counseling
were more effective than the one without brief counseling in
reducing drug use among primary care patients. However, the
absence of evidence does not mean there is an absence of an
effect. The interventions may be effective, but this study did not
have the statistical power to detect the effect.

Caveats to Consider When Looking at Multiple Comparison
Procedures

To Adjust or Not
If researchers conduct multiple tests, each addressing an unre-
lated research question, then adjusting for MCs is unnecessary.

Suppose in a different study, brief negotiated interview was
intended to treat alcohol use and MOTIV was intended to treat
drug use. Then there is no need to adjust for MCs. This is in con-
trast to performing a family of tests from which the results as a
whole address a single research question; then adjusting for MCs
is necessary. As in the report by Saitz et al,2 both the brief negoti-
ated interview and MOTIV were compared with the control to
draw a single conclusion about the efficacy of brief counseling
interventions for drug use.

Confirmatory vs Exploratory

Bender and Lange® suggested that MC procedures are only
required for confirmatory studies for which the goal is the defini-
tive proof of a predefined hypothesis to support final decision
making. For exploratory studies seeking to generate hypotheses
that will be tested in future confirmatory studies, the number of
tests is usually large and the choice of hypotheses is likely data
dependent (ie, selecting hypotheses after reviewing data), mak-
ing MC adjustments unnecessary or even impossible at this stage
of research. "Significant” results based on exploratory studies,
however, should be clearly labeled so readers can correctly assess
their scientific strength.

FWER vs FDR

The main approaches to MC adjustment include controlling
FWER, which is the probability of making at least 1false discovery
in MCs, or controlling the false discovery rate (FDR), which is the
expected proportion of false positives among all discoveries.
When using the FDR approaches, a small proportion of false posi-
tives are tolerated to improve the chance of detecting true
effects.® In contrast, the FWER approaches avoid any false posi-
tives even at the cost of increased false negatives. The FDR and
FWER represent 2 extremes of the relative importance of control-
ling for false positive or false negatives. The decision whether to
control FWER or FDR should be made by carefully weighing the
relative benefits between false-positive and false-negative dis-
coveries in a specific study.

Definition of Family
Both FWER and FDR are defined for a particular family of tests. This
“family” should be prespecified at the design stage of a study. Test
bias can occur in MCs when selecting hypothesis to be tested after
reviewing the data.
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Practical Answers to “Real World" Questions

Harold C. Sox, MD; Roger J. Lewis, MD, PhD

The concept of a “pragmatic” clinical trial was first proposed nearly
50 years ago as a study design philosophy that emphasizes answer-
ing questions of most interest to decision makers." Decision mak-

ers, whether patients, physi-
&= cians, or policy makers, need to
know what they can expect from
the available diagnostic or thera-
peutic options when applied in day-to-day clinical practice. This fo-
cus on addressing real-world effectiveness questions influences
choices about trial design, patient population, interventions, out-
comes, and analysis. In this issue of JAMA, Gottenberg et al? report
the results of a trial designed to answer the question “If a biologic
agent for rheumatoid arthritis is no longer effective for an indi-
vidual patient, should the clinician recommend another drug with
the same mechanism of action or switch to a biologic with a differ-
ent mechanism of action?” Because the authors included some prag-
matic elementsin the trial design, this study illustrates the issues that
clinicians should consider in deciding whether a trial result is likely
to apply to their patients.

Related article page 1172

Use of the Method

Why Are Pragmatic Trials Conducted?

Pragmatic trials are intended to help typical clinicians and typical
patients make difficult decisions in typical clinical care settings by
maximizing the chance that the trial results will apply to patients
that are usually seen in practice (external validity). The most impor-
tant feature of a pragmatic trial is that patients, clinicians, clinical
practices, and clinical settings are selected to maximize the applica-
bility of the results to usual practice. Trial procedures and require-
ments must not inconvenience patients with substantial data col-
lection and should impose a minimum of constraints on usual
practice by allowing a choice of medication (within the constraints
imposed by the purpose of the study) and dosage, providing the
freedom to add cointerventions, and doing nothing to maximize
adherence to the study protocol.

The pragmatic trial strategy contrasts with that used for an
explanatory trial, the goal of which is to test a hypothesis that the
intervention causes a clinical outcome. Explanatory trials seek to
maximize the probability that the intervention—and not some
other factor—causes the study outcome (internal validity). Explana-
tory trials seek to give the intervention the best possible chance to
succeed by using experts to deliver it, delivering the intervention to
patients who are most likely to respond, and administering the
intervention in settings that provide expert after-care. Explanatory
trials try to prevent any extraneous factors from influencing clinical
outcomes, so they exclude patients who might have poor adher-
ence and may intervene to maximize patient and clinician adher-
ence to the study protocol. Explanatory trials are structured to

jama.com

avoid downstream events that could affect study outcomes. If
these events occur at different rates in the different study groups,
the effect attributed to the intervention may be larger or smaller
than its true effect. To avoid this problem, explanatory trials may
choose a relatively short follow-up period. Explanatory trials pur-
sue internal validity at the cost of external validity, whereas prag-
matic trials place a premium on external validity while maintaining
as much internal validity as possible.

Description of the Method

According to Tunis et al,3 “the characteristic features of [prag-
matic clinical trials] are that they (1) select clinically relevant alter-
native interventions to compare, (2) include a diverse population
of study participants, (3) recruit participants from heterogeneous
practice settings, and (4) collect data on a broad range of health
outcomes.” Eligible patients may be defined by presumptive diag-
noses, rather than confirmed ones, because treatments are often
initiated when the diagnosis is uncertain.® Pragmatic trials may
compare classes of drugs and allow the physician to choose which
drug in the class to use, the dose, and any cointerventions, a free-
dom that mimics usual practice. Furthermore, the outcome mea-
sures are more likely to be patient-reported, global, subjective,
and patient-centered (eg, self-reported quality-of-life measures),
rather than the more disease-centered end points commonly
used in explanatory trials (eg, the results of laboratory tests or
imaging procedures).

Both approaches to study design must deal with the cost of clini-
cal trials. Explanatory trials control costs by keeping the trial period
as short as possible, consistent with the investigators' ability to en-
rollenough patients to answer the study question. These trials pref-
erentially recruit patients who will experience the study end point
and not leave the study early because of disinterest or death from
causes other than the target condition. Investigators in explana-
tory trials prefer to enroll participants with a high probability of ex-
periencing an outcome in the near term. In contrast, pragmatic trials
may control costs by leveraging existing data sources, eg, using dis-
easeregistries toidentify potential participants and using datain elec-
tronic health records to identify study outcomes.

Although these concepts sharpen the contrasts between prag-
matic and explanatory trials for pedagogical reasons, in reality, many
trials have features of both designs, in part to find a reasonable bal-
ance between internal validity and external validity.*>

What Are the Limitations of Pragmatic Trials?

The main limitation of a pragmatic trial is a direct consequence of
choosing to conduct a lean study that puts few demands on
patients and clinicians. Data collection may be sparse, and there are
few clinical variables with which to identify subgroups of patients
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who respond particularly well to one of the interventions. The use
of the electronic health record as a source of data may save money,
but it typically means inconsistent data collection and missing data.
Relying on typical clinicians rather than experts in caring for
patients with the target condition may lead to increased variability
in practice and associated documentation of clinical findings. The
variation caused by these shortcomings may reduce statistical pre-
cision and the capability of answering the research question
unequivocally.

Why Was a Pragmatic Trial Conducted in This Case?

While Gottenber et al? cite the pragmatism of their study as its main
strength, the authors do not explain their study design decisions.
However, they imply a pragmatic motivation when they state that
the study confirms the superiority of a drug from a different class in
asetting that “corresponds to the therapeutic question clinicians face
in daily practice.” The investigators note that their main limitation
of the study was the inability to blind the participants to the iden-
tity of the drug they received. Blinding is especially important when
the principal study outcomes are those reported by the patient, who
may be influenced by knowing the intervention that they received.

How Should the Results Be Interpreted?

The study by Gottenberg et al? shows that, from the perspective of
a population of patients, changing from one class of drugs to an-
otherimproves the outcomes of care by rheumatologists in a rheu-
matology subspecialty clinic. This result has limited external valid-
ity. It probably applies to other rheumatology clinics, but its
application to other settings is unknown. The main pragmatic fea-
ture of the study—allowing the rheumatologist to choose from sev-
eral drugs within a class—implies that the main result applies strictly
tothe class of drugs rather than to any individual agent. It does not,
for example, show that the improvement is the same regardless of

which within-class drug the clinician determines. The trial was also
pragmaticin that clinicians were aware of the primary treatment and
were free to choose cointerventions that would complement it, as
would occur in clinical practice.

Several features of this study were not pragmatic, and others
raise internal validity concerns. The researchers recruited partici-
pants from rheumatology specialty clinics. Although the article
does not specify the clinicians who managed the patient's rheu-
matoid arthritis during the study, the clinicians were presumably
rheumatologists in the participating practices. Even though the
results apply to patients in a specialty clinic, whether they apply
to patients managed by primary care physicians, with or without
expert consultation, is unknown. The authors also did not specify
the intensity of follow-up; was it typical of rheumatoid arthritis
patients receiving biologic agents or did the study protocol
specify more intensive follow up? The primary outcome measure
was a score based on the erythrocyte sedimentation rate and a
count of involved joints. The article does not identify the person
who assessed the primary outcome. Assigning this task to the
managing physician would be consistent with a pragmatic design,
but it would also raise concerns about biased outcome assess-
ment because the person measuring the outcome would know
the treatment assignment.

The terms “explanatory” and “pragmatic” mark the ends of
a spectrum of study designs. Typically, as noted by Thorpe and
co-authors of the PRECIS (Pragmatic-Explanatory Continuum Indi-
cator Summary) article,® some features of a study are pragmatic and
others are explanatory, as the study by Gottenberg et al illustrates
and as would be expected because internal validity and external va-
lidity are typically achieved at the cost of one another. Whether the
authors label their study as pragmatic or explanatory, readers should
pay close attention to the study characteristics that maximize its ap-
plicability to their patients and their practice style.
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Integrating Ethics and Science in Human Research

Alex John London, PhD

The principle of equipoise states that, when there is uncertainty or
conflicting expert opinion about the relative merits of diagnostic, pre-
vention, or treatment options, allocating interventions to individu-

als in a manner that allows the
& generation of new knowledge
(eg. randomization) is ethically
permissible."? The principle of
equipoise reconciles 2 potentially conflicting ethical imperatives: to
ensure that research involving human participants generates scien-
tifically sound and clinically relevant information while demonstrat-
ing proper respect and concern for the rights and interests of
study participants.’

In this issue of JAMA, Lascarrou et al® report the results of a
randomized trial designed to investigate whether the "routine use
of the video laryngoscope for orotracheal intubation of patients in
the ICU increased the frequency of successful first-pass intubation
compared with use of the Macintosh direct laryngoscope.” Intuba-
tion in the intensive care unit (ICU) is associated with the potential
for serious adverse events, and video laryngoscopy in the ICU has
gained support from some clinicians who believe it to be superior
to direct laryngoscopy. Such practitioners may therefore regard it
as unethical to randomize study participants to direct laryngoscopy
because they consider it to be an inferior intervention. But requir-
ing uncertainty of individual clinicians to conduct a clinical trial
gives too much ethical weight to personal judgment, hindering
valuable research without providing benefit to patients. Therefore,
it is important to understand the role of conflicting expert medical
judgment in establishing equipoise and how this principle applies
to the trial conducted by Lascarrou et al.

Related article page 483

What Is Equipoise?
Two features of medical research pose special challenges for the
goal of ensuring respect and concern for the rights and interests
of participants. First, to generate reliable information, research
often involves design features that alter the way participants are
treated. For example, randomization and blinding are commonly
used to reduce selection bias and treatment bias.* Controlling
how interventions are allocated and what researchers and partici-
pants know about who is receiving which interventions helps to
more clearly distinguish the effects of the intervention from con-
founding effects. But randomization severs the link between
what a participant receives and the recommendation of a treating
clinician with an ethical duty to provide the best possible care for
the individual person. In the study by Lascarrou et al,® patients
were randomized to undergo intubation with the video laryngo-
scope or the direct laryngoscope, independent of the preference
of the treating physician.

Second, medical research involves exposing people to inter-
ventions whose risks and potential therapeutic, prophylactic, or di-
agnostic merits may be unknown, unclear, or the subject of disagree-
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ment within the medical community. In the present case, some
clinicians may maintain that video laryngoscopy is the superior strat-
egy for orotracheal intubation in the ICU, others may disagree, while
others judge that there is not sufficient evidence to warrant a strong
commitment for or against this approach.

The principle of equipoise states that if there is uncertainty or
conflicting expert opinion about the relative therapeutic, prophy-
lactic, or diagnostic merits of a set of interventions, then it is per-
missible to allocate a participant to receive an intervention from this
set, so long as there is not consensus that an alternative interven-
tion would better advance that participant's interests."2°>7

In the present case, there is equipoise between video vs di-
rect laryngoscopy because experts disagree about their relative
clinical merits. These disagreements are reflected in variations
in clinical practices. If it is ethically permissible for patients to
receive care from expert clinicians in good professional standing
with differing medical opinions about what constitutes optimal
treatment, then it ordinarily cannot be wrong to permit partici-
pants to be randomized to those same treatment alternatives.®
Although randomization removes the link between what a partici-
pant receives and the recommendation of a particular clinician, the
presence of equipoise ensures that each participant receives an
intervention that would be recommended or utilized by at least a
reasonable minority of informed expert clinicians.">*® Equipoise
thus ensures that randomization is consistent with respect for par-
ticipant interests because it guarantees that no participant receives
care known to be inferior to any available alternative.

Why Is Equipoise Important?

Ensuring equipoise helps researchers and institutional review
boards (IRBs) fulfill 3 ethical obligations. First, to "disturb” equi-
poise studies must be designed to generate information that
resolves uncertainty or reduces divergence in opinion among quali-
fied medical experts. Such studies are likely to have both social and
scientific value. Second, any risks to which participants are exposed
must be reasonable in light of the value of the information a study
is likely to produce.>® IRBs must make this determination before
participants are enrolled.

Third is the obligation to show respect for potential partici-
pants as autonomous decision makers. Explaining during the
informed consent process the nature of the uncertainty or con-
flict in medical judgment that a study is designed to resolve
allows each individual to decide whether to participate by under-
standing the relevant uncertainties, their effects on that person’s
own interests, and how their resolution will contribute to improv-
ing the state of medical care.

What Are the Limitations of Equipoise?
Since its introduction, the concept of equipoise has received nu-

merous formulations, creating the potential for confusion and
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misunderstanding?” and spurring criticism and debate. One criti-
cism holds that the version of equipoise described here is too per-
missive because it allows randomization even when individual cli-
nicians are not uncertain about how best to treat a patient.® The trial
conducted by Lascarrou et al® represents a case in which some cli-
nicians have strong preferences for one modality of treatment over
others. Requiringindividual clinician uncertainty entrenches unwar-
ranted variationin patient care by preventing participants from being
offered the choice of participating in a study in which they might be
allocated to interventions that would be recommended or utilized
by other medical experts. If it is ethically acceptable for patients to
receive care frominformed, expert clinicians who favor different in-
terventions, then it ordinarily cannot be unethical to allow patients
to be randomized to the alternatives that such clinicians recom-
mend. Legitimate disagreement among informed experts signifies
that the clinical community lacks a basis for judging that patients are
better off with one modality over the other.

Aninterpretation of equipoise that requires uncertainty on the
part of the individual clinician is not ethically justified because it pre-
vents studies that are likely to improve the quality of patient care
without the credible expectation that this restriction will improve
patient outcomes.

Another criticism is that equipoise is unlikely ever to exist, or to
persist for long.® This objection applies most directly to the view that
equipoise only exists if the individual clinician believes that the in-
terventions offered in a trial are of exactly equal expected value.'®
On this view, equipoise would often disappear even though differ-
ent experts retain conflicting medical recommendations.
It therefore appears poorly suited to the goals of promoting the pro-
duction of valuable information and protecting the interests of
study participants.

ARTICLE INFORMATION REFERENCES

How Is Equipoise Applied in This Case?

Lascarrou et al did not explicitly discuss equipoise in their study. How-
ever, the consent process approved by the ethics committee re-
flects the judgment that the interventions in the trial “were consid-
ered components of standard care” and patients who lacked
decisional capacity could be enrolled even if no surrogate decision
maker was present.

Ensuring that a study beginsinand is designed to disturb a state
of equipoise provides credible assurance to participants and other
stakeholders that patients in medical distress can be enrolled in a
study that will helpimprove patient care in emergency settings with-
out concern that their health interests will be knowingly compro-
mised in the process.

How Does Equipoise Influence the Interpretation

of the Study?

In the past, strongly held beliefs about the effectiveness of treat-
ments ranging from bloodletting to menopausal hormone therapy
have proven to be false. Intubation in the ICU is associated with
the potential for serious adverse events. Because video laryngos-
copy is increasingly championed as the superior method for orotra-
cheal intubation in the ICU, careful study of its relative merits and
risks in comparison to conventional direct laryngoscopy addresses
a question of clinical importance. The findings of Lascarrou et al®
suggest that perceived merits of video laryngoscopy do not trans-
late into superior clinical outcomes and may be associated with
higher rates of life-threatening complications. This result under-
scores the importance of conducting clinical research before novel
interventions become widely incorporated into clinical practice,
even if those interventions appear to offer clear advantages over
existing alternatives.
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The Propensity Score

Jason S. Haukoos, MD, MSc; Roger J. Lewis, MD, PhD

Two recent studies published in JAMA involved the analysis of ob-
servational data to estimate the effect of a treatment on patient out-
comes. In the study by Rozé et al," a large observational data set was
analyzed to estimate the relationship between early echocardio-
graphic screening for patent ductus arteriosus and mortality among
preterm infants. The authors compared mortality rates of 847 in-
fants who were screened for patent ductus arteriosus and 666 who
were not. The 2 infant groups were dissimilar; infants who were
screened were younger, more likely female, and less likely to have re-
ceived corticosteroids. The authors used propensity score matching
to create 605 matched infant pairs from the original cohort to adjust
for these differences. In the study by Huybrechts et al,? the Medicaid
Analytic eXtract data set was analyzed to estimate the association be-
tween antidepressant use during pregnancy and persistent pulmo-
nary hypertension of the newborn. The authors included 3 789 330
women, of which 128 950 had used antidepressants. Women who
used antidepressants were different from those who had not, with
differences in age, race/ethnicity, chronic illnesses, obesity, tobacco
use, and health care use. The authors adjusted for these differences
using, in part, the technique of propensity score stratification.

Use of the Method

Why Were Propensity Methods Used?

Many considerations influence the selection of one therapy over an-
other. Inmany settings, more than one therapeutic approach is com-
monly used. In routine clinical practice, patients receiving one treat-
ment will tend to be different from those receiving another, eg, if
one treatmentis thought to be better tolerated by elderly patients or
more effective for patients who are more seriously ill. This resultsina
correlation—or confounding—between patient characteristics that
affect outcomes and the choice of therapy (often called “confounding
byindication"). If observational data obtained from routine clinical prac-
tice are examined to compare the outcomes of patients treated with
different therapies, the observed difference will be the result of both
differing patient characteristics and treatment choice, making it diffi-
cult to delineate the true effect of one treatment vs another.

The effect of an intervention is best assessed by randomizing
treatment assignments so that, on average, the patients are similar
inthe 2 treatment groups. This allows a direct assessment of the ef-
fect of the intervention on outcome. In observational studies, ran-
domization is not possible, so investigators must adjust for differ-
ences between groups to obtain valid estimates of the associations
between the treatments being compared and the outcomes of
interest.® Multivariable statistical methods are often used to esti-
mate this association while adjusting for confounding.

Propensity score methods are used to reduce the biasin estimat-
ing treatment effects and allow investigators to reduce the likelihood
of confounding when analyzing nonrandomized, observational data.
The propensity scoreis the probability that a patient would receive the
treatment of interest, based on characteristics of the patient, treating
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clinician, and clinical environment.* Such probabilities can be estimated
using multivariable statistical methods (eg, logicistic regression), in
which case the treatment of interest is the dependent variable and
the characteristics of the patient, prescribing clinician, and clinical set-
tingare the predictors. Investigators estimate these probabilities, rang-
ing from O to 1, for each patient in the study population. These
probabilities—the propensity scores—are then used to adjust for dif-
ferences between groups. In biomedical studies, propensity scores are
often used to compare treatments, but they can also be used to esti-
mate the relationship between any nonrandomized factor, such as the
exposure to a toxin or infectious agent and the outcome of interest.

There are 4 general ways propensity scores are used. The most
common is propensity score matching, which involves assembling
2 groups of study participants, one group that received the treat-
ment of interest and the other that did not, while matching indi-
viduals with similar or identical propensity scores.! The analysis of
a propensity score-matched sample can then approximate that of
a randomized trial by directly comparing outcomes between indi-
viduals who received the treatment of interest and those who did
not, using methods that account for the paired nature of the data.®

Thesecond approachis stratification on the propensity score. This
technique involves separating study participants into distinct groups
or strata based on their propensity scores. Five strata are commonly
used, although increasing the number can reduce the likelihood of
bias. The association between the treatment of interest and the
outcome of interest is estimated within each stratum or pooled
across strata to provide an overall estimate of the relationship be-
tween treatment and outcome. This technique relies on the notion that
individuals within each stratum are more similar to each other thanin-
dividuals in general; thus, their outcomes can be directly compared.

The third approach is covariate adjustment using the propen-
sity score. For this approach, a separate multivariable model is de-
veloped, after the propensity score model, in which the study out-
comeserves as the dependent variable and the treatment group and
propensity score serve as predictor variables. This allows the inves-
tigator to estimate the outcome associated with the treatment of
interest while adjusting for the probability of receiving that treat-
ment, thus reducing confounding.

The fourth approachisinverse probability of treatment weight-
ing using the propensity score.® In this instance, propensity scores
are used to calculate statistical weights for each individual to cre-
ate asamplein which the distribution of potential confounding fac-
tors is independent of exposure, allowing an unbiased estimate of
the relationship between treatment and outcome.”

Alternative strategies—other than use of propensity scores—
for adjusting for baseline differences between groups in observa-
tional studies include matching on baseline characteristics, perform-
ing stratified analyses, or using multivariable statistical methods to
adjust for confounders. Propensity score methods are often more
practical or statistically more efficient than these methods, in part
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because propensity score methods can substantially limit the num-
ber of predictor variables used in the final analysis. Propensity score
methods generally allow many more variables to be included in the
propensity score model, which increases the ability of these ap-
proaches to effectively adjust for confounding, than could be incor-
porated directly into a multivariable analysis of the study outcome.

What Are the Limitations of Propensity Score Methods?

The propensity score for each study participant is based on the avail-
able measured patient characteristics, and unadjusted confounding
may still exist if unmeasured factors influenced treatment selection.
Therefore, using fewer variables in the propensity score model reduces
the likelihood of effectively adjusting for confounding.

Although propensity score matching may be used to assemble
comparable study groups, the quality of matching depends on the
quality of the propensity score model, which in turn depends on
the quality and size of the available data and how the model was built.
Conventional modeling methods (eg, variable selection, use of in-
teractions, regression diagnostics, etc) are not typically recom-
mended for the development of propensity score models. For ex-
ample, propensity score models may optimally include a larger
number of predictor variables.

Why Did the Authors Use Propensity Methods?

Inthe reports by Rozé et al' and Huybrechts et al,2 both of whom used
propensity score methods because their data were observational, the
treatments of interest (ie, screening by echocardiography and use of
antidepressants in pregnancy) were not randomly allocated, and im-
portant characteristics differed between groups. Direct comparisons
of the outcomes between treated and untreated groups would have
likely resulted insignificantly biased estimates. Instead, use of propen-
sity score matching and stratification enabled the investigators to cre-
ate study groups that were similar to one another and more accurately
measure the relationship between treatment and outcome.

How Should the Findings Be Interpreted?
Given the observational nature of these studies, the fact that indi-
vidualsin the treated and untreated groups were dissimilar, and the

goal of accurately estimating the association between treatment and
outcome, theinvestigators had to adjust for differences in the treat-
ment groups. Use of propensity score methods, whether by match-
ing or stratification, resulted in less biased estimates than if such
methods were not used. Even though observational data cannot defi-
nitely establish causal relationships or determine treatment ef-
fects as rigorously as a randomized clinical trial, assuming propen-
sity score methods are properly used and the sample size is
sufficiently large, these methods may provide a useful approxima-
tion of the likely effect of a treatment. This approach is particularly
valuable for clinical situations in which randomized trials are not fea-
sible or are unlikely to be conducted.

What Caveats Should the Reader Consider When Assessing
the Results of Propensity Analyses?
Thestudies by Rozé et al' and Huybrechts et al> used propensity score
matching and propensity score stratification, respectively. Al-
though both methods are more valid in terms of balancing study
groups than simple matching or stratification based on baseline char-
acteristics, they vary in their ability to minimize bias. In general, pro-
pensity score matching minimizes bias to a greater extent than
propensity score stratification. Assessment of balance between the
groups, after use of propensity score methods, is important to al-
low readers to assess the comparability of patient groups.
Although no single standard approach exists to assess bal-
ance, comparing characteristics between treated and untreated pa-
tients typically begins with comparing summary statistics (eg, means
or proportions) and the entire distributions of observed character-
istics. For propensity score—matched samples, standardized differ-
ences (ie, differences divided by pooled standard deviations) are of-
ten used and, although no threshold is universally accepted, a
standard difference less than O.1is often considered negligible. As-
sessing for balance provides a general sense for how well matching
or stratification occurred and thus the extent to which the results
are likely to be valid. Unfortunately, balance can only be demon-
strated for patient characteristics that were measured in the study.
Differences could still exist between patient groups that were not
measured, resulting in biased results.
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Dose-Finding Trials

Optimizing Phase 2 Data in the Drug Development Process

Kert Viele, PhD; Jason T. Connor, PhD

Clinical trials in drug development are commonly divided into 3
categories or phases. The first phase aims to find the range of doses
of potential clinical use, usually by identifying the maximum toler-

ated dose. The second phase
| aims to find doses that demon-
strate promising efficacy with
acceptable safety. The third
phase aims to confirm the benefit previously found in the second
phase using clinically meaningful end points and to demonstrate
safety more definitively.

Dose-finding trials—studies conducted to identify the most
promising doses or doses to use in later studies—are a key part of
the second phase and are intended to answer the dual questions of
whether future development is warranted and what dose or doses
should be used. If too high a dose is chosen, adverse effects in later
confirmatory phase 3 trials may threaten the development pro-
gram. If too low a dose is chosen, the treatment effect may be too
small to yield a positive confirmatory trial and gain approval from a
regulatory agency. A well-designed dose-finding trial is able to es-
tablish the optimal dose of a medication and facilitate the decision
to proceed with a phase 3 trial.

Selection of a dose for further testing requires an understand-
ing of the relationships between dose and both efficacy and safety.
These relationships can be assessed by comparing the data fromeach
dose group with placebo, or with the other doses, in a series of pair-
wise comparisons. This approachis prone to both false-negative and
false-positive results because of the large number of statistical com-
parisons and the relatively small number of patients receiving each
dose. These risks can be mitigated by combining data from pa-
tients receiving multiple active doses into a single treatment group
for comparison with placebo (“pooling”), but only if it is possible to
reliably predict which doses are likely to be effective.

In general, dose-response relationships are best examined
through dose-response models that make flexible, justifiable as-
sumptions about the potential dose-response relationships and al-
low the integration of information from all doses used in the trial.
This can reduce therisk of both false-negative and false-positive re-
sults; incorporating all data into the estimates of efficacy and safety
for each dose produces more accurate estimates than evaluating the
response to each dose separately.

In this issue of JAMA, Gheorghiade et al' report the results of
SOCRATES-REDUCED, a randomized placebo-controlled dose-
finding clinical trial investigating 4 different target doses of vericiguat
for patients with worsening chronic heart failure, with the primary
outcome being a reduction in log-transformed level of N-terminal
pro-B-type natriuretic peptide. The primary approach to analyzing
the dose response, combining the data from patients allocated to
the 3 highest target doses (pooling) for comparison with placebo,
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yielded a negative result (P = .15), but a different dose-response
model based on linear regression, used in an exploratory second-
ary analysis, yielded a positive result (P = .02).

Use of the Method

Why Are Dose-Response Models Used?

A dose-response model assumes a general relationship between
dose and efficacy or dose and the rates of adverse effects.? Ideally,
this allows data from patients receiving all doses of the drug to con-
tribute to the estimated dose-response curve, maximizing the sta-
tistical power of the study and reducing the uncertainty in the esti-
mates of the effects of each dose. When a sufficiently flexible general
relationship is used, the dose-response model correctly identifies
doses of low or high efficacy (avoiding the assumption of similar ef-
ficacy across doses, as is implied with pooling) while smoothing out
spurious highs and lows (avoiding problems that occur when each
dose is analyzed separately). A model can produce estimates and
confidence intervals for the effect of every dose and often even for
drug doses not included in the trial.

Dose-response modeling is first used to determine whether a
treatment effect appears to exist and, if so, to estimate dose-
specific effects to help optimize subsequent phase 3 trial design. Un-
like a confirmatory trial in which a regulatory agency makes a bi-
nary decision (eg, to approve or not approve a drug), phase 2 trials
are used to inform the next stage of drug development. Therefore,
estimation of the magnitude of treatment effects is more impor-
tant than testing hypotheses regarding treatment effects. Phase 2
dose-finding studies can also be used to predict the likelihood of later
phase 3 success through calculation of predictive probabilities.>

The assumptionsin the dose-response model can berigid or flex-
ible to match preexisting knowledge of the clinical setting. When ac-
curate, such assumptions can increase the power of a trial design
by incorporating known clinical information. Wheninaccurate, these
assumptions compromise the statistical properties of the trial and
the interpretability of the results. For example, in SOCRATES-
REDUCED, the primary analysis consisted of pooling data from the
3 highest-dose regimens. This approach is most effective when the
efficacious region of the dose range can be predicted reliably. The
exploratory secondary analysis in SOCRATES-REDUCED was based
on a linear regression model. This approach is most effective when
a linear dose-response relationship is likely to exist over the range
of doses evaluated in the trial.

A common dose-response model is the E,,,,, model,* which as-
sumes an S-shaped curve for the dose response (eg, a monotoni-
cally increasing curve that is flat for low doses, increases for the
middle dose range, and then flattens out again for high doses). The
model is flexible in that the height of the plateau, the dose location
of the increase in efficacy, and the rate of increase may all be in-
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formed by the data. Alternatives to the E,,,, model include smooth-
ing models such as a normal dynamic linear model.> These models
take the raw data and produce a smooth curve that eliminates ran-
dom highs and lows but maintains the general shape. Normal dy-
namic linear models are particularly useful for dose responses that
may be “inverted U" shaped and may be applicable when the dose
response is for an outcome that combines safety and efficacy (low
doses may not be efficacious, high doses may be unsafe, resulting
in an inverted U shape, with the optimal dose in the middle).

What Are the Limitations of Dose-Response Modeling?

All dose-response models require assumptions regarding the
potential shapes of the dose-response curve, although sometimes
(eg. with pooling) the assumptions are only implied. When assump-
tions are incorrect, inferences from the model may be invalid. In
SOCRATES-REDUCED, the implied assumption of the primary
analysis of similar efficacy among the 3 highest doses was not sup-
ported by the data. Similarly, the linear model used in the explor-
atory secondary analysis assumed that the increase in benefit from
one dose to the next was the same between every successive pair
of doses. This also does not appear to be strictly consistent with
the data obtained in the trial.

Why Did the Authors Use Dose-Response Modeling

in This Particular Study?

The authors used dose-response modeling to maximize the power
of the primary analysis hypothesis test. If the 3 highest doses had
all been similarly effective, pooling of data from these doses would
result in higher sample sizes in the treatment group of the primary
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"treatment vs placebo” hypothesis test and higher power to detect
an effect. Inthe exploratory secondary analysis using the linear dose-
response model, the authors used a model that allowed the higher
doses to be significantly more efficacious than the lower doses.

How Should the Dose-Response Findings Be Interpreted

in This Particular Study?

Figure 2 in the report by Gheorghiade et al' shows the key dose-
response relationship and suggests that the 10-mg target dose is
the most or possibly only effective dose. However, the primary
analysis was null, and the protocol called for the statistical second-
ary analysis only if the primary analysis were significant at P < .05.
Therefore, although the 10-mg dose appears to be the most prom-
ising for investigation in a phase 3 trial, the dose-ranging findings
must be considered very tentative. There remains uncertainty re-
garding how best to estimate the effect of the 10-mg dose. The pri-
mary analysis did not evaluate the effect of the 10-mg dose alone,
and separate analyses for each dose would be prone to high varia-
tion and false-positive results due to multiple comparisons. The ex-
ploratory linear model produced an estimated effect for the 10-mg
dose under an assumption of linearity. This analysis and its results
were considered only exploratory.

Caveats to Consider When Looking at Results

Based on a Dose-Response Model

It is often useful to inspect a plot of the dose-response model-
based estimates against all data observed in the trial. This allows vi-
sual confirmation that the chosen dose-response model captures
the general shape of the observed data.
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Odds Ratios—Current Best Practice and Use

Edward C. Norton, PhD; Bryan E. Dowd, PhD; Matthew L. Maciejewski, PhD

0Odds ratios frequently are used to present strength of association
between risk factors and outcomes in the clinical literature. Odds
and odds ratios are related to the probability of a binary outcome
(an outcome that is either present or absent, such as mortality).
The odds are the ratio of the probability that an outcome occurs to
the probability that the outcome does not occur. For example, sup-
pose that the probability of mortality is 0.3 in a group of patients.
This can be expressed as the odds of dying: 0.3/(1 - 0.3) = 0.43.
When the probability is small, odds are virtually identical to the
probability. For example, for a probability of 0.05, the odds are
0.05/(1 - 0.05) = 0.052. This similarity does not exist when the
value of a probability is large.

Probability and odds are different ways of expressing similar con-
cepts. For example, when randomly selecting a card fromadeck, the
probability of selecting a spade is 13/52 = 25%. The odds of select-
ing a card with a spade are 25%/75% = 1:3. Clinicians usually are in-
terested in knowing probabilities, whereas gamblers think in terms
of odds. Odds are useful when wagering because they represent fair
payouts. If one were to bet $1 on selecting a spade from a deck of
cards, a payout of $3 is necessary to have an even chance of win-
ning your money back. From the gambler's perspective, a payout
smaller than $3 is unfavorable and greater than $3 is favorable.

Differences between 2 different groups having a binary out-
come such as mortality can be compared using odds ratios, the ra-
tio of 2 odds. Differences also can be compared using probabilities
by calculating the relative risk ratio, which is the ratio of 2 probabili-
ties. Odds ratios commonly are used to express strength of asso-
ciations from logistic regression to predict a binary outcome.’

Why Report Odds Ratios From Logistic Regression?
Researchers often analyze a binary outcome using multivariable
logistic regression. One potential limitation of logistic regression is
that the results are not directly interpretable as either probabilities
or relative risk ratios. However, the results from a logistic regression
are converted easily into odds ratios because logistic regression
estimates a parameter, known as the log odds, which is the natural
logarithm of the odds ratio. For example, if a log odds estimated by
logistic regression is 0.4 then the odds ratio can be derived by
exponentiating the log odds (exp(0.4) = 1.5). It is the odds ratio
that is usually reported in the medical literature. The odds ratio is
always positive, although the estimated log odds can be positive or
negative (log odds of -0.2 equals odds ratio of 0.82 = exp(-0.2)).

The odds ratio for a risk factor contributing to a clinical out-
come can be interpreted as whether someone with the risk factor
is more or less likely than someone without that risk factor to expe-
rience the outcome of interest. Logistic regression modeling al-
lows the estimates for arisk factor of interest to be adjusted for other
risk factors, such as age, smoking status, and diabetes. One nice fea-
ture of the logistic function is that an odds ratio for one covariate is
constant for all values of the other covariates.

Another nice feature of odds ratios from a logistic regression is
thatitis easy to test the statistical strength of association. The stan-
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dard test is whether the parameter (log odds) equals O, which cor-
responds to a test of whether the odds ratio equals 1. Odds ratios
typically are reported in a table with 95% Cls. If the 95% Cl for an
odds ratio does not include 1.0, then the odds ratio is considered to
be statistically significant at the 5% level.

What Are the Limitations of Odds Ratios?

Several caveats must be considered when reporting results with
odds ratios. First, the interpretation of odds ratios is framed in
terms of odds, not in terms of probabilities. Odds ratios often are
mistaken for relative risk ratios.?> Although for rare outcomes
odds ratios approximate relative risk ratios, when the outcomes
are not rare, odds ratios always overestimate relative risk ratios, a
problem that becomes more acute as the baseline prevalence of
the outcome exceeds 10%. Odds ratios cannot be calculated
directly from relative risk ratios. For example, an odds ratio for
men of 2.0 could correspond to the situation in which the prob-
ability for some event is 1% for men and 0.5% for women. An odds
ratio of 2.0 also could correspond to a probability of an event
occurring 50% for men and 33% for women, or to a probability of
80% for men and 67% for women.

Second, and less well known, the magnitude of the odds ratio
from a logistic regression is scaled by an arbitrary factor (equal to
the square root of the variance of the unexplained part of binary
outcome).* This arbitrary scaling factor changes when more or bet-
ter explanatory variables are added to the logistic regression model
because the added variables explain more of the total variation and
reduce the unexplained variance. Therefore, adding more indepen-
dent explanatory variables to the model will increase the odds ratio
of the variable of interest (eg, treatment) due to dividing by a
smaller scaling factor. In addition, the odds ratio also will change if
the additional variables are not independent, but instead are corre-
lated with the variable of interest; it is even possible for the odds
ratio to decrease if the correlation is strong enough to outweigh the
change due to the scaling factor.

Consequently, there is no unique odds ratio to be estimated,
even from a single study. Different odds ratios from the same study
cannot be compared when the statistical models that result in odds
ratio estimates have different explanatory variables because each
model has a different arbitrary scaling factor.*® Nor can the magni-
tude of the odds ratio from one study be compared with the mag-
nitude of the odds ratio from another study, because different
samples and different model specifications will have different arbi-
trary scaling factors. A further implication is that the magnitudes of
odds ratios of a given association in multiple studies cannot be syn-
thesized in a meta-analysis.*

How Did the Authors Use Odds Ratios?

In a recent JAMA article, Tringale and colleagues’ studied industry
payments to physicians for consulting, ownership, royalties, and re-
search as well as whether payments differed by physician specialty
or sex. Industry payments were received by 50.8% of men across
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all specialties compared with 42.6% of women across all special-
ties. Converting these probabilities to odds, the odds that men re-
ceive industry payments is 1.03 (0.51/0.49), and the odds that
women receive industry payments is 0.74 = (0.43/0.57).

The odds ratio for men compared with women is the ratio of
the odds for men divided by the odds for women. In this case, the
unadjusted odds ratio is 1.03/0.74 = 1.39. Therefore, the odds for
men receiving industry payments are about 1.4 as large (40%
higher) compared with women. Note that the ratio of the odds is
different than the ratio of the probabilities because the probability
is not close to 0. The unadjusted ratio of the probabilities for men
and women (Tringale et al” report each probability, but not the
ratio), the relative risk ratio, is 119 (0.51/0.43).

Greater odds that men may receive industry payments may be
explained by their disproportionate representation in specialties
more likely to receive industry payments. After controlling for spe-
cialty (and other factors), the estimated odds ratio was reduced from
1.39 t0 1.28, with a 95% Cl of 1.26 to 1.31, which did not include 1.0
and, therefore, is statistically significant. The odds ratio probably de-
clined after adjusting for more variables because they were corre-
lated with physicians’ sex.

How Should the Findings Be Interpreted?
In exploring the association between physician sex and receiving
industry payments, Tringale and colleagues’ found that men are
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more likely to receive payments than women, even after control-
ling for confounders. The magnitude of the odds ratio, about 1.4,
indicates the direction of the effect, but the magnitude of the num-
ber itself is hard to interpret. The estimated odds ratio is 1.4 when
simultaneously accounting for specialty, spending region, sole pro-
prietor status, sex, and the interaction between specialty and sex.
A different odds ratio would be found if the model included a differ-
ent set of explanatory variables. The 1.4 estimated odds ratio
should not be compared with odds ratios estimated from other
data sets with the same set of explanatory variables, or to odds
ratios estimated from this same data set with a different set of
explanatory variables.*

What Caveats Should the Reader Consider?

Odds ratios are one way, but not the only way, to present an asso-
ciation when the main outcome is binary. Tringale et al” also report
absolute rate differences. The reader should understand odds ra-
tios in the context of otherinformation, such as the underlying prob-
ability. When the probabilities are small, odds ratios and relative risk
ratios are nearly identical, but they can diverge widely for large prob-
abilities. The magnitude of the odds ratio is hard to interpret be-
cause of the arbitrary scaling factor and cannot be compared with
odds ratios from other studies. It is best to examine study results pre-
sented in several ways to better understand the true meaning of
study findings.
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Evaluating Discrimination of Risk Prediction Models

The C Statistic

Michael J. Pencina, PhD; Ralph B. D'Agostino Sr, PhD

Risk prediction models help clinicians develop personalized
treatments for patients. The models generally use variables mea-
sured at one time point to estimate the probability of an outcome
= occurring within a given time

in the future. It is essential to
assess the performance of a
risk prediction model in the setting in which it will be used. This is
done by evaluating the model’s discrimination and calibration.
Discrimination refers to the ability of the model to separate indi-
viduals who develop events from those who do not. In time-to-
event settings, discrimination is the ability of the model to predict
who will develop an event earlier and who will develop an event
later or not at all. Calibration measures how accurately the mod-
el's predictions match overall observed event rates.

Inthisissue of JAMA, Melgaard et al used the Cstatistic, a global
measure of model discrimination, to assess the ability of the
CHA,DS,-VASc model to predict ischemic stroke, thromboembo-
lism, or death in patients with heart failure and to do so separately
for patients who had or did not have atrial fibrillation (AF).!

Related article page 1030

Use of the Method

Why Are C Statistics Used?

The C statistic is the probability that, given 2 individuals (one who
experiences the outcome of interest and the other who does not
or who experiences it later), the model will yield a higher risk for
the first patient than for the second. It is a measure of concor-
dance (hence, the name "“C statistic”) between model-based risk
estimates and observed events. C statistics measure the ability of
a model to rank patients from high to low risk but do not assess
the ability of a model to assign accurate probabilities of an event
occurring (that is measured by the model’s calibration). C statis-
tics generally range from 0.5 (random concordance) to 1 (perfect
concordance).

C statistics can also be thought of as being the area under the
plot of sensitivity (proportion of people with events for whom the
model predicts are high risk) vs 1 minus specificity (proportion of
people without events for whom the model predicts are high risk)
for all possible classification thresholds. This plot is called the
receiver operating characteristic (ROC) curve, and the C statistic is
equal to the area under this curve.? For example, in the study by
Melgaard et al, CHA,DS,-VASc scores ranged from a low of O
(heart failure only) to a high of 5 or higher, depending on the
number of comorbidities a patient had. One point on the ROC
curve would be when high risk is defined as a CHA,DS,-VASc
score of 1 or higher and low risk as a CHA,DS,-VASc score
of 0. Another point on the curve would be when high risk is
defined as a CHA,DS,-VASc score of 2 or higher and low risk as a
CHA,DS,-VASc score of lower than 2, etc. Each cut point is associ-
ated with a different sensitivity and specificity.

jama.com

Itis useful to quantify the performance and clinical value of pre-
dictive models using the positive predictive value (PPV; the propor-
tion of patients in whom the model predicts an event will occur who
actually have an event) and the negative predictive value (NPV; the
proportion of patients whom the model predicts will not have an
event who actually do not experience the event). Animportant mea-
sure of a model's misclassification of events is 1 minus NPV, or the
proportion of patients the model predicts will not have an event who
actually have the event. The PPV and 1 minus NPV can be more in-
formative for individual patients than the sensitivity and specificity
because they answer the question “What are this patient's chances
of having an event when the model predicts they will or will not have
one?” If the event rate is known, then the PPV and NPV can be es-
timated based on sensitivity and specificity and, hence, the C sta-
tistic can be viewed as a summary for both sets of measures.

What Are the Limitations of the C Statistic?

The C statistic has several limitations. As a single number, it sum-
marizes the discrimination of a model but does not communicate
all the information ROC plots contain and lacks direct clinical appli-
cation. The NPV, PPV, sensitivity, and specificity have more clinical
relevance, especially when presented as plots across all meaning-
ful classification thresholds (as is done with ROCs). A weighted sum
of sensitivity and specificity (known as the standardized net ben-
efit) can be plotted to assign different penalties to the 2 misclassi-
fication errors (predicting an individual who ultimately experi-
ences an event to be at low risk; predicting an individual who does
not experience an event to be at high risk) according to the prin-
ciples of decision analysis.>* In contrast, the C statistic does not ef-
fectively balance misclassification errors. In addition, the C statis-
ticis only ameasure of discrimination, not calibration, so it provides
no information regarding whether the overall magnitude of risk is
predicted accurately.

Why Did the Authors Use C Statistics in Their Study?

Melgaard et al' sought to determine if the CHA,DS,-VASc score could
predict occurrences of ischemic stroke, thromboembolism, or death
among patients who have heart failure with and without AF. The au-
thors used the C statistic to determine how well the model could dis-
tinguish between patients who would or would not develop each
of the 3 end points they studied. The C statistic yielded the prob-
ability that arandomly selected patient who had an event had arisk
score that was higher than arandomly selected patient who did not
have an event.

How Should the Findings Be Interpreted?

The value of the Cstatistic depends not only on the model under in-
vestigation (ie, CHA,DS,-VASc score) but also on the distribution of
risk factors in the sample to which it is applied. For example, if age
is an important risk factor, the same model can appear to perform
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much better when applied to a sample with a wide age range com-
pared with a sample with a narrow age range.

The C statistics reported by Melgaard et al' range from 0.62 to
0.71and do not appear impressive (considering that a C statistic of
0.5 represents random concordance). This might be due to limita-
tions of the model; eg, if there were an insufficient number of pre-
dictors or the predictors had been dichotomized for simplicity. The
nationwide nature of the data used by Melgaard et al suggests that
the unimpressive values of the C statistic cannot be attributed to nar-
row ranges of risk factors in the analyzed cohort. Rather, it might sug-
gest inherent limitations in the ability to discriminate between pa-
tients with heart failure who will and will not die or develop ischemic
stroke or thromboembolism.

The Cstatistic analysis suggested that the CHA,DS,-VASc model
performed similarly among heart failure patients with and without
AF (Cstatistics between 0.62 and 0.71among patients with AF and
0.63 to 0.69 among patients without AF). An additional insight
emerges from NPV analysis looking at misclassification of events oc-
curring at 5 years, however. Between 19% and 27% of patients with-
out AF who were predicted to be at low risk actually had 1 of the 3
events and thus were misclassified, yielding an NPV of 73% to 82%.
Between 24% and 39% of patients with AF whom the model clas-

sified as low risk had major events, yielding an NPV of 61% to 76%.
Because there was less misclassification among patients without AF
who were predicted to be at low risk, a CHA,DS,-VASc score of O is
a better determinant of long-term low risk among patients without
AF than patients with AF. This aspect of the model performance is
not apparent when looking at C statistics alone.

Caveats to Consider When Using C Statistics to Assess
Predictive Model Performance
Special extensions of the C statistic need to be used when applying
it to time-to-event data® and competing-risk settings.” Further-
more, there exist several appealing single-number alternatives to the
Cstatistic. They include the discrimination slope, the Brier score, or
the difference between sensitivity and 1 minus specificity evalu-
ated at the event rate.?

The C statistic provides an important but limited assessment
of the performance of a predictive model and is most useful as a
familiar first-glance summary. The evaluation of the discriminat-
ing value of a risk model should be supplemented with other sta-
tistical and clinical measures. Graphical summaries of model cali-
bration and clinical consequences of adopted decisions are
particularly useful ®
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Time-to-Event Analysis

Juliana Tolles, MD, MHS; Roger J. Lewis, MD, PhD

Time-to-event analysis, also called survival analysis, was used
in the study by Nissen et al' published in this issue of JAMA
to compare the risk of major adverse cardiovascular events
(MACE) in a noninferiority trial of a combination of naltrexone and
bupropion vs placebo for overweight or obese patients with car-

diovascular risk factors. The
< authors used a type of time-to-
Related article page 990 event analysis called Cox pro-

portional hazards modeling to
compare the risk of MACE in the 2 groups, concluding that the use
of naltrexone-bupropion increased the risk of MACE per unit time
by no more than a factor of 2.

Use of the Method

Why Is Time-to-Event Analysis Used?

One way to evaluate how a medical treatment affects patients' risk
of an adverse outcome is to analyze the time intervals between the
initiation of treatment and the occurrence of such events. That
information can be used to calculate the hazard for each treatment
group in a clinical trial. The hazard is the probability that the
adverse event will occur in a defined time interval. For example,
Nissen et al' could measure the number of patients who experience
MACE while taking naltrexone-bupropion during week 8 of the
study and calculate the risk that an individual patient will experi-
ence MACE during week 8, assuming that the patient has not had
MACE before week 8. This concept of a discrete hazard rate can be
extended to a hazard function, which is generally a continuous
curve that describes how the hazard changes over time. The haz-
ard function shows the risk at each point in time and is expressed
as a rate or number of events per unit of time.?

Calculating the hazard function using time-to-event observa-
tions is challenging because the event of interest is usually not
observed in all patients. Thus, the time to the event occurrence for
some patients is invisible—or censored—and there is no way to
know if the event will occur in the near future, the distant future, or
never. Censoring may occur because the patient is lost to follow-up
or did not experience the event of interest before the end of the
study period. In Nissen et al," only 243 patients experienced MACE
before the termination of the study, resulting in 8662 censored
observations, meaning there were 8662 patients for whom it is not
known when they experienced MACE, if ever. Common nonpara-
metric statistical tests, such as the Wilcoxon rank sum test, could
be used to compare the time intervals seen in the 2 groups if the
analysis was limited to only the 243 patients who had observed
events; however, when censored data are excluded from analysis,
the information contained in the experience of the other 8662
patients is lost. While it is unknown when in the future, if ever,
these patients will experience an event, the knowledge that these
patients did not experience MACE during their participation in the
trial is informative. The information contained in censored observa-
tions varies: patients whose data are censored early, such as a
patient who is lost to follow-up in the first weeks of a study, con-

JAMA March 8,2016 Volume 315, Number 10

tribute less information than those who are observed for a long
time before censoring. However, all observations provide some
information, and to avoid bias, methods of analysis that can accom-
modate censoring are used for time-to-event studies.

Kaplan-Meier plots and the Cox proportional hazards model
are examples of methods for analyzing time-to-event data that
account for censored observations. A Kaplan-Meier curve plots the
fraction of "surviving” patients (those who have not experienced an
event) against time for each treatment group. The height of the
Kaplan-Meier curve at the end of each time interval is determined
by taking the fraction or proportion of patients who remained
event-free at the end of the prior time interval and multiplying that
proportion by the fraction of patients who survive the current time
interval without experiencing an event. The value of the Kaplan-
Meier curve at the end of the current time interval then becomes
the starting value for the next time interval. This iterative and
cumulative multiplication process begins with the first time interval
and continues in a stepwise manner along the Kaplan-Meier curve;
the Kaplan-Meier curve is thus sometimes called the “product limit
estimate” of the survival curve. Censoring is properly taken into
account because only patients still being followed up at the begin-
ning of each time interval are considered in determining the frac-
tion "surviving” at the end of that time interval.? Figures 2A and 2B
in Nissen et al' plot the cumulative incidence of MACE in each
group vs time, an “upside-down" version of Kaplan-Meier, which
provides similar information.

While a Kaplan-Meier plot elegantly represents differences be-
tween different groups’ survival curves over time, it gives little in-
dication of their statistical significance. The statistical significance
of observed differences can be tested with alog-rank test. This test,
however, does not account for confounding variables, such as dif-
ferences in patient demographics between groups.

The Cox proportional hazards model both addresses the prob-
lem of censoring and allows adjustment for multiple prognostic
independent variables, or confounders such as age and sex. The
model assumes a "baseline” hazard function exists for individuals
whose independent predictor variables are all equal to their refer-
ence value. The baseline hazard function is not explicitly defined
but is allowed to take any shape. The output of a Cox proportional
hazards model is a hazard ratio for each independent predictor
variable, which defines how much the hazard is multiplied for each
unit change in the variable of interest as compared with the base-
line hazard function. Hazard ratios can be calculated for all inde-
pendent variables, both confounders and intervention variables.

What Are the Limitations of the Proportional Hazards Model?

The Cox proportional hazards model relies on 2 important assump-
tions. The first is that data censoring is independent of outcome of
interest. If the placebo patients in the trial by Nissen et al' were
both less likely to experience MACE and less likely to follow up with
trial investigators because they did not experience weight loss, the
probability of censoring and the risk of MACE would be correlated,
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threatening the validity of the analysis. The second assumption is
that the hazard functions, representing the risk of an event over
time, are proportional to each other for all patient groups. In other
words, the hazard functions all have the same shape and differ only
in overall magnitude; the effect of each independent predictor or
confounder is on the overall magnitude of the hazard function. In
this trial, it is reasonable to assume that the baseline hazard func-
tion for MACE in patients taking placebo looks like a line with a
positive slope: age likely increases the hazard of a cardiovascular
event. The assumption of proportional hazards means that the haz-
ard function of MACE in patients taking naltrexone-bupropion is
assumed to be the baseline hazard multiplied by an unknown, con-
stant value. This assumption would be violated if, for example,
patients taking the drug experience an early increase in risk of
MACE after initiating treatment as a result of adverse effects but
then experience decreased risk over the long-term as they lose
weight. In that scenario, the treatment group hazard function
would be shaped like a peak with a long tail and would not be pro-
portional to the baseline hazard function.

How Should Time-to-Event Findings Be Interpreted

in This Particular Study?

The trial was designed as a noninferiority study and statistically
powered to assess the null hypothesis that the hazard ratio of
naltrexone-bupropion to placebo for MACE is greater than 2.0 at
the 25% interim analysis point. Using a Cox proportional hazard
model with randomized treatment as a predictor, the estimated
hazard ratio was 0.59 (95% Cl, 0.39-0.90). It can therefore be con-
cluded that the hazard ratio of MACE associated with the active
treatment was less than 2.0. Although it might be tempting to con-
clude that the hazard ratio is smaller (eg, less than 1.0), the hypoth-
esis testing structure of the noninferiority trial only allowed a rigor-
ous conclusion to be drawn about the hypothesis that the hazard
ratio was less than 2.0.

Caveats to Consider When Looking at Results

From a Time-to-Event Analysis

Nissen et al' used a Cox proportional hazards model to estimate the
hazard ratio associated with naltrexone-bupropion compared with
placebo for MACE in overweight or obese patients with cardiovas-
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Figure. Time to MACE in the Final End-of-Study Analysis

4-

Placebo

Naltrexone-bupropion

Cumulative Incidence of MACE, %
N

Hazard ratio, 0.95 (99.7% Cl, 0.65-1.38)

0 T T T T 1
0 26 52 78 104 130 156
Weeks Following Randomization
No. at risk
Placebo 4450 4289 4183 4053 3886 3333 90
Naltrexone- 4455 4317 4228 4092 3951 3403 102
bupropion

The survival curves cross in this figure from Nissen et al,' suggesting that the
proportionality assumption may have been violated. MACE indicates major
adverse cardiovascular events.

cular risk factors. This trial likely meets the assumptions of the Cox
proportional hazards model: the censoring is likely to be indepen-
dent of hazard, and the hazard functions for all groups are likely to
be roughly proportional. Readers should interpret with caution any
time-to-event analysis in which the probability of being lost to
follow-up or the duration of observation is likely to be correlated
with the risk of experiencing an event. Readers should also be cau-
tious in accepting Cox proportional hazards models in which the
hazard function of a treatment group is unlikely to be proportional
to the baseline hazard. If 2 survival curves cross at any point, such
as seen in the far right of Figure 2B in the article by Nissen et al,’ this
might suggest that the hazard ratio between the 2 groups has
reversed and the proportionality assumption has been violated
(Figure). There are also several diagnostic tests that researchers
can use to verify the proportionality assumption, including using
Kaplan-Meier curves, testing the significance of time-dependent
covariates, and plotting Schoenfeld residuals.* Selection of an
appropriate verification method depends on the types of covari-
ates used in the Cox proportional hazards model.
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The Stepped-Wedge Clinical Trial
Evaluation by Rolling Deployment

Susan S. Ellenberg, PhD

Cluster randomized trials are studies in which groups of individu-
als, for example those associated with specific clinics, families, or geo-
graphical areas, are randomized between an experimental interven-

tion and a control.! A stepped-
< wedge designis a type of cluster
Related article page 567 design in which the clusters

are randomized to the order in
which they receive the experimental regimen. All clusters begin the
study with the control intervention, and by the end of the trial
(assuming no unexpected and unacceptable safety issues arise), all
clusters are receiving the experimental regimen.

Use of the Method

Why Is a Stepped-Wedge Clinical Trial Design Used?

Cluster randomized trials have been performed for many decades,
even centuries,? but the statistical underpinnings of such designs
have been worked out only relatively recently.>* The primary
motivation for a cluster design is to study treatments that can be
delivered only in a group setting (eg, an educational approach in a
classroom setting) or to avoid contamination in the delivery of
each regimen (eg, a behavioral intervention that could be deliv-
ered individually but in settings in which those randomized to dif-
ferent approaches are in close contact with each other and might
learn about and then adopt the alternative regimen).' Clusters are
typically identified prospectively and randomized to receive the
experimental or control intervention. However, there are excep-
tions, such as the ring vaccination trial conducted during the 2014-
2015 Ebola epidemic, in which clusters were defined around newly
identified cases.”

If a cluster randomized trial is deemed necessary or desirable
in a specific setting, but resource limitations permit only a gradual
implementation of the experimental regimen, a stepped-wedge
design may be considered as the fairest way to determine which
clusters receive the experimental regimen earlier and which later.
Stepped-wedge designs have benefits similar to those of cross-
over trials because outcomes within a cluster may be compared
between the time intervals in which a cluster received the con-
trol and the experimental interventions. This controls for the
unique characteristics of the cluster when making the treatment
comparison. One attractive aspect of stepped-wedge designs
is that all participants in all clusters ultimately receive the experi-
mental regimen, thereby ensuring that all participants have
an opportunity to potentially benefit from the intervention. This
can be advantageous when strong beliefs exist regarding the effi-
cacy of a treatment regimen. When limited resources preclude
making the treatment regimen widely available from the start,
the use of randomization to determine which clusters get early
access to the treatment regimen may appeal to participants’
sense of fairness.

jama.com

Description of the Stepped-Wedge Clinical Trial Design

Important considerations in designing a stepped-wedge trial
include the number of clusters, the number of “steps” (time points
at which the changeovers from control to intervention occur), the
duration of treatment at each step, and the balance of prognostic
characteristics across the clusters receiving the intervention at
each step. The required sample size (total number of participants)
to achieve a given level of power decreases as the numbers of clus-
ters and steps increase. Maximum power for a given number of
clusters is achieved when each cluster has its own step, but more
typically multiple clusters are randomized to change at the same
time to limit trial duration.® The risk of bias decreases as the num-
ber of clusters increases, as more clusters improve the likelihood of
achieving similar prognoses across clusters, and as the trial dura-
tion decreases, reducing the effect of temporal trends.

Limitations of the Stepped-Wedge Design

As with cluster randomized designs generally, stepped-wedge
designs require larger sample sizes, often much larger, than would
be required for randomized trials in which individual study partici-
pants are randomized to receive the experimental or control inter-
vention. Efficiency is reduced because of the need to account for
the similarities among participants within a given cluster; ie, the
extent to which individuals within a cluster are more alike than
they are similar to the study population as a whole. Consequently,
each individual in a cluster provides less information about the
study findings than would occur if the randomization had been by
individual. For example, suppose the outcome of a trial was 1-year
survival, and in 1 cluster the prognosis of participants was so good
that every participant in the cluster was certain to survive at least 1
year. Then the information from that cluster is the same whether
there are 100 participants or only 1 participant. When participants
are randomized individually, the factors that influence outcomes
are balanced within each participating site, and in an analysis
appropriately stratified by site, the comparisons will not be
affected by site differences in prognosis. Even though randomiza-
tion of clusters is intended to balance prognosis, such balance can-
not be ensured with a small number of clusters (eg, 10-20), which
is common in many cluster randomized trials. The randomization
can be stratified according to characteristics that are considered to
relate to prognosis (eg, mean socioeconomic status of cluster par-
ticipants), but this is often difficult to do precisely. Unless the
number of clusters is quite large, stratification by more than 1or 2
variables is not feasible.

Another limitation of the stepped-wedge design is the poten-
tial for confounding by temporal trends. When changes in clinical
care are occurring over a short time, comparisons of outcomes be-
tween earlier and later periods may be influenced by background
changes that affect the outcome of interest irrespective of the
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intervention being tested. Another time-dependent phenomenon
that can influence stepped-wedge trials is the effect of accumulat-
ing experience with the intervention. If more experience enhances
the likelihood that the intervention will be successful, participants
in clusters randomized earlier in the trial will more likely benefit.
Time dependency concerns must be balanced against the advan-
tage that the before-after comparison within clusters balances the
unknown as well as the known characteristics of cluster partici-
pants. To address the time dependency, the time factor must be
accounted for in the analysis.

How Was the Stepped-Wedge Design Used?

In this issue of JAMA, Huffman and colleagues’ report results of the
QUIK trial, an investigation of a quality improvement intervention
intended to reduce complications following myocardial infarction.
Astepped-wedge design was used rather than astandard cluster ran-
domized design because this approach allowed all the participat-
ing hospitals to receive the experimental intervention during the
course of the study and also had the advantage of controlling for po-
tential differences in study participant characteristics by compar-
ing outcomes within a cluster during different periods.® The au-
thors did not pursue an individually randomized design, which also
would have controlled for both cluster characteristics and tempo-
ral trends. Individual randomization for quality improvement inter-
ventions would probably not be feasible within individual partici-
pating hospitals because the intervention would be difficult toisolate
toindividual patients. Sixty-three hospitals were included in the study
and were randomized in groups of 12 or 13 that would initiate the

intervention at 1of 4 randomization points. The duration of each of
the 4 steps was 4 months. After adjusting for within-hospital clus-
tering and temporal trends, the prognostic characteristics of the trial
participants in the 2 treatment groups were similar.

How Should a Stepped-Wedge Clinical Trial Be Interpreted?

Huffman et al did not find a significant benefit of the quality im-
provement intervention. Although unadjusted analyses did sug-
gest benefit, appropriate statistical analysis adjusting for time trends
markedly attenuated the benefit. In this case, it is possible that the
quality of care was improving while the study was progressing in-
dependent of the study intervention, highlighting the importance
of accounting for time trends (clearly shownin Figures 2A and 2Biin
the article”) when analyzing the results of stepped-wedge trials.

Concerns have been raised about the difficulties in obtaining
informed consent from patients in stepped-wedge trials.® Obtain-
ing individual informed consent is often difficult in cluster random-
ized trials because individuals receiving treatment in a particular
cluster may not be able to avoid exposure to the intervention
assigned to that cluster. In the QUIK trial, consent was not obtained
from patients who received the assigned intervention but it was
obtained for 30-day follow-up. The investigators noted that this
requirement may have introduced selection bias because of refus-
als by some participants.

Stepped-wedge clinical trials offer a way to evaluate an inter-
vention in a system in which the ultimate goal is to implement the
intervention at all sites yet retain the ability to objectively evaluate
the intervention’s efficacy.
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Mendelian randomization uses genetic variants to determine
whether an observational association between a risk factor and an
outcome is consistent with a causal effect.! Mendelian randomiza-
tion relies on the natural, ran-
dom assortment of genetic vari-
ants during meiosis yielding a
random distribution of genetic
CME Quiz variants in a population.” Indi-
viduals are naturally assigned at birth to inherit a genetic variant that
affects a risk factor (eg, a gene variant that raises low-density lipo-
protein [LDL] cholesterol levels) or not inherit such a variant. Indi-
viduals who carry the variant and those who do not are then fol-
lowed up for the development of an outcome of interest. Because
these genetic variants are typically unassociated with confound-
ers, differences in the outcome between those who carry the vari-
ant and those who do not can be attributed to the difference in the
risk factor. For example, a genetic variant associated with higher LDL
cholesterol levels that also is associated with a higher risk of coro-
nary heart disease would provide supportive evidence for a causal
effect of LDL cholesterol on coronary heart disease.

One way to explain the principles of mendelian randomization
is through an example: the study of the relationship of high-
density lipoprotein (HDL) cholesterol and triglycerides with coro-
nary heart disease. Increased HDL cholesterol levels are associated
with a lower risk of coronary heart disease, an association that re-
mains significant even after multivariable adjustment.? By con-
trast, an association between increased triglyceride levels and coro-
nary risk is no longer significant following multivariable analyses.
These observations have been interpreted as HDL cholesterol being
a causal driver of coronary heart disease, whereas triglyceride level
is a correlated bystander.? To better understand these relation-
ships, researchers have used mendelian randomization to test
whether the observational associations between HDL cholesterol
or triglyceride levels and coronary heart disease risk are consistent
with causal relationships.3

Author Audio Interview

Use of the Method

Why Is Mendelian Randomization Used?

Basic principles of mendelian randomization can be understood
through comparison with a randomized clinical trial. To answer the
question of whether raising HDL cholesterol levels with a treat-
ment will reduce the risk of coronary heart disease, individuals might
be randomized to receive a treatment that raises HDL cholesterol
levels and a placebo that does not have this effect. If thereis a causal
effect of HDL cholesterol on coronary heart disease, a drug that raises
HDL cholesterol levels should eventually reduce the risk of coro-
nary heart disease. However, randomized trials are costly, take a great
deal of time, and may be impractical to carry out, or there may not
be anintervention to test a certain hypothesis, limiting the number
of clinical questions that can be answered by randomized trials.
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What Are the Limitations of Mendelian Randomization?

Mendelian randomization rests on 3 assumptions: (1) the genetic vari-
ant is associated with the risk factor; (2) the genetic variant is not
associated with confounders; and (3) the genetic variant influ-
ences the outcome only through therisk factor. The second and third
assumptions are collectively known as independence from pleiot-
ropy. Pleiotropy refers to a genetic variant influencing the outcome
through pathways independent of the risk factor. The first assump-
tion can be evaluated directly by examining the strength of asso-
ciation of the genetic variant with the risk factor. The second and third
assumptions, however, cannot be empirically proven and require
both judgment by the investigators and the performance of vari-
ous sensitivity analyses.

If genetic variants are pleiotropic, mendelian randomization
studies may be biased. For example, if genetic variants that in-
crease HDL cholesterol levels also affect the risk of coronary heart
disease through anindependent pathway (eg, by decreasinginflam-
mation), a causal effect of HDL cholesterol on coronary heart dis-
ease may be claimed when the true causal effect is due to the alter-
nate pathway.

Another limitation is statistical power. Determinants of statis-
tical power in a mendelian randomization study include the fre-
quency of the genetic variant(s) used, the effect size of the variant
on the risk factor, and study sample size. Because any given ge-
netic variant typically explains only a small proportion of the vari-
ance in the risk factor, multiple variants are often combined into
a polygenic risk score to increase statistical power.

How Did the Authors Use Mendelian Randomization?
In a previous report in JAMA, Frikke-Schmidt et al* initially applied
mendelian randomization to HDL cholesterol and coronary heart dis-
ease using gene variants in the ABCAT gene. When compared with
noncarriers, carriers of loss-of-function variants in the ABCAT gene
displayed a 17-mg/dL lower HDL cholesterol level but did not have
an increased risk of coronary heart disease (odds ratio, 0.93; 95%
Cl, 0.53-1.62). The observed 17-mg/dL decrease in HDL cholesterol
levelis expected to increase coronary heart disease by 70% and this
study had more than 80% power to detect such a difference; thus,
the lack of a genetic association of ABCAT gene variants and coro-
nary heart disease was unlikely to be due to low statistical power.
These data were among the first to cast doubt on the causal role of
HDL cholesterol for coronary heart disease. In other mendelian ran-
domization studies, genetic variants that raised HDL cholesterol lev-
els were not associated with reduced risk of coronary heart dis-
ease, aresult consistent with HDL cholesterol as anoncausal factor.”
Low HDL cholesterol levels track with high plasma triglyceride
levels, and triglyceride levels reflect the concentration of triglyceride-
rich lipoproteins in blood. Using multivariable mendelian random-
ization, Do et al® examined the relationship among correlated
risk factors such as HDL cholesterol and triglyceride levels. In an
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Figure. Comparison of Observational Estimates and Mendelian Randomization Estimates of the Association
of Low-Density Lipoprotein (LDL) Cholesterol, High-Density Lipoprotein (HDL) Cholesterol,

and Triglycerides With Coronary Heart Disease

0dds Ratio
Analysis Source (95% Cl)
LDL cholesterol . .
Observational ERFCZ  1.37(1.09-1.73) Observational estimates are
Mendelian randomization Do et al3 1.46 (1.37-1.56) - derived from the E_mergmg b
Factors Collaboration (ERFC).?
Test for heterogeneity: P=.60 Mendelian randomization estimates
HDL cholesterol are derived from Do et al* based on
Observational ERFC2 0.78 (0.76-0.81) = an analysis of 185 genetic variants
Mendelian randomization Doetal3 0.96 (0.89-1.03) —- that alter plasma lipids and mutually
Test for heterogeneity: P<.01 adjusted for other lipid fractions
Triglycerides (eg HDL cholesterol and triglycerides
Observational ERFC2 0.99 (0.96-1.03) = for LDL cholesterol). A formal test
Mendelian randomization Doetal®  1.43(1.28-1.60) e of heterogeneity (Cochran Q test)
Test for heterogeneity: P<.01 shows that the observational
. , , and mendelian randomization
0.5 1.0 2.0 causal estimates are consistent for

LDL cholesterol but not so for HDL
cholesterol or triglycerides.

0dds Ratio (95% Cl)

analysis of 185 polymorphisms that altered plasma lipids, a 1-SD
increase in HDL cholesterol level (approximately 14 mg/dL) due to
genetic variants was not associated with risk of coronary heart
disease (odds ratio, 0.96; 95% Cl, 0.89-1.03; Figure). In contrast,
a 1-SD increase in triglyceride level (approximately 89 mg/dL)
was associated with an elevated risk of coronary heart disease
(oddsratio, 1.43; 95% Cl,1.28-1.60). LDL cholesterol and triglyceride-
rich lipoprotein levels, but not HDL cholesterol level, may be the
causal drivers of coronary heart disease risk as demonstrated by
these mendelian randomization studies.

Caveats to Consider When Evaluating Mendelian
Randomization Studies

The primary concern when evaluating mendelian randomization
studies is whether genetic variants used in the study are likely to be
pleiotropic. Variants in a single gene that affects an individual risk
factor are most likely to affect the outcome only through the risk fac-
tor and not have pleiotropic effects. For example, variants in CRP,

the gene encoding C-reactive protein, have been used in a mende-
lian randomization study to exclude a direct causal effect of C-reactive
protein on coronary heart disease.® However, variants in single genes
that encode a risk factor of interest are often not available. In these
cases, pleiotropy can be examined by testing whether the gene
variants used are associated with known confounders such as diet,
smoking, and lifestyle factors.” More advanced statistical tech-
niques, including median regression® and use of population-
specific instruments,” have recently been proposed to protect
against pleiotropic variants biasing results.

A second concern relates to whether the mendelian random-
ization study has adequate statistical power to detect an associa-
tion. Consequently, an estimate from a mendelian randomization
study that is nonsignificant should be accompanied by a power analy-
sis based on the strength of the genetic instrument and the size of
the study. Furthermore, mendelian randomization estimates should
be compared with results from traditional observational analyses
using a formal test for heterogeneity.
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Bayesian Analysis: Using Prior Information
to Interpret the Results of Clinical Trials

Melanie Quintana, PhD; Kert Viele, PhD; Roger J. Lewis, MD, PhD

In this issue of JAMA, Laptook et al' report the results of a clinical
trial investigating the effect of hypothermia administered between
6 and 24 hours after birth on death and disability from hypoxic-
ischemic encephalopathy (HIE).
< Hypothermiais beneficial for HIE
when initiated within 6 hours of
birth but administering hypo-
thermia that soon after birth is impractical.2 The study by Laptook
etal' addressed the utility of inducing hypothermia 6 or more hours
after birth because this is a more realistic time window given the lo-
gistics of providing this therapy. Performing this study was difficult
because of the limited number of infants expected to be enrolled.
To overcome this limitation, the investigators used a Bayesian analy-
sis of the treatment effect to ensure that a clinically useful result
would be obtained even if traditional approaches for defining sta-
tistical significance were impractical. The Bayesian approach al-
lows for the integration or updating of prior information with newly
obtained data to yield a final quantitative summary of the informa-
tion. Laptook et al' considered several options for the representa-
tion of prior information—termed neutral, skeptical, and optimistic
priors—generating different final summaries of the evidence.

Related article page 1550

Prior Information

What Is Prior Information?

Priorinformation is the evidence or beliefs about something that ex-
ist prior to or independently of the data to be analyzed. The math-
ematical representation of prior information (eg, of beliefs regard-
ing the likely efficacy of hypothermia for HIE 6-24 hours after birth)
must summarize both the known information and the remaining un-
certainty. Some prior information is quite strong, such as data from
many similar patients, and might have little remaining uncertainty
or it can be weak or uninformative with substantial uncertainty.

Clinicians routinely interpret the results of a new study in the
context of prior work. Are the new results consistent? How can new
information be synthesized with the old? Often this synthesis is done
by clinicians when they consider the totality of evidence used to treat
patients or interpret research studies.

Prior information may be formally incorporated in trial analysis
using Bayes theorem, which provides a mechanism for synthesiz-
ing information from multiple sources.>* Clear specification of the
prior information used and assumptions made need to be reported
in the article or appendix to allow transparency in the analysis and
reporting of outcomes.

Why Is Prior Information Important?

When large quantities of patient outcome data are available, tradi-
tional non-Bayesian (frequentist) and Bayesian approaches for quan-
tifying observed treatment effects will yield similar results because
the contribution of the observed data will outweigh that of the prior
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information. This is not the case for evaluating HIE treatments be-
cause very few neonates are affected. Despite a large research net-
work, Laptook et al' were only able to enroll 168 eligible newborns
in 8 years.

Prior information facilitates more efficient study design, allow-
ing stronger, more definitive conclusions without requiring addi-
tional patients to be included in the study or analysis. As such,
the use of prior information is particularly relevant and important
for the study of rare diseases where patient resources are limited.

Prior information can take a number of forms. For example, for
binary outcomes, the knowledge that an adverse outcome occurs
in 15% to 40% of cases is worth the equivalent of having to enroll
30 or more patients into the trial (depending on the certainty at-
tached to this knowledge). Another form of prior information could
be beliefs held regarding the effect of a delay beyond 6 hoursinin-
stituting therapeutic hypothermia, ie, that the treatment effect at
7 hours is similar to that at 6 hours and the longer it takes to begin
treatment, the less effective the treatment is likely to be.

Limitations of Prior Information

Prior information is a form of assumption. As with any assumption,
incorrect prior information can result in invalid or misleading con-
clusions. Forinstance, if prior information used the assumption that
hypothermia becomes less effective with increasing postnatal age
and, infact, waiting until 12 to 24 hours was associated with the great-
est benefit, the resulting inferences would likely be incompatible with
the data, less accurate, or biased. If the statistical model uses prior
information derived from neonates O to 6 hours old in evaluating
the treatment effect in neonates 6 to 24 hours of age, and is based
on the assumption that the patients respond similarly, the results
may be biased or less accurate if the 2 age groups actually respond
differently to treatment.

These assumptions can be assessed. Just as the modeling as-
sumptions madein logistic regression can be checked through good-
ness-of-fit tests, there are tests that can be used to verify agree-
ment between prior and current data. More importantly, some
methods for incorporating prior information can explicitly adjust to
conflict between the prior and the data, decreasing the reliance on
priorinformation when the new data appear to be inconsistent with
the proposed prior information.®

How Was Prior Information Used?

Laptook et al'incorporated prior information by allowing for the out-
cometo vary across time windows of 6 to 12 hours and 12 to 24 hours
and prespecifying 3 separate prior distributions on the overall treat-
ment effect (Description of Bayesian Analyses and Implementa-
tion Details section of the eAppendix in Supplement 2). The neu-
tral prior assumes that the treatment effect diminishes completely
after 6 hours, the enthusiastic prior assumes that effect does not
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diminish at all after 6 hours, and the skeptical prior assumes that the
treatment is detrimental after 6 hours. Primary results are pre-
sented based on the neutral prior and, as such, the authors' ap-
proach is transparent and easily interpretable. The authors found a
76% probability of benefit with the neutral prior, a 90% probabil-
ity of benefit with the enthusiastic prior, and a 73% probability of
benefit with the skeptical prior.’

An alternative to this approach might include specifying a model
that relates postnatal age at the start of therapeutic hypothermia
to the magnitude of the treatment effect, assuming that the effect
does not increase over time. This model would explicitly account for
a possible decrease in treatment benefit with increasing age at ini-
tiation, while still allowing the effect at each age to inform the ef-
fects at other ages. Additionally, this model could be heavily in-
formed or anchored in the O to 6-hour range using data from
previous studies.? With this anchor, inferences would be improved
across the range of 6 to 24 hours, with a particular increase in pre-

cision for the time intervals closer to 6 hours. This may have al-
lowed more definitive conclusions to be drawn from the same set
of data.

How Should the Trial Results Be Interpreted in Light of the
Prior Information?

Laptook et al' used a prespecified Bayesian analysis, using prior in-
formation, to allow quantitatively rigorous conclusions to be drawn
regarding the probability that therapeutic hypothermia is effective
6 to 24 hours after birth in neonates with HIE. Conclusions of the
analysis were given as probabilities that benefit exists. For ex-
ample, the statement that there is “a 76% probability of any reduc-
tion in death or disability, and a 64% probability of at least 2% less
death or disability” are easily understood by clinicians and can be used
to inform clinical care. The use of several options for prior informa-
tion allows clinicians with different perspectives to have the datain-
terpreted over a range of prior beliefs.

ARTICLE INFORMATION

Author Affiliations: Berry Consultants LLC, Austin,
Texas (Quintana, Viele, Lewis); Department of
Emergency Medicine, Harbor-UCLA Medical Center,
Los Angeles, California (Lewis); Los Angeles
Biomedical Research Institute, Torrance, California
(Lewis); David Geffen School of Medicine at UCLA,
Los Angeles, California (Lewis).

Corresponding Author: Roger J. Lewis, MD, PhD,
Department of Emergency Medicine, Harbor-UCLA
Medical Center, Bldg D9, 1000 W Carson St,
Torrance, CA 90509 (roger@emedharbor.edu).

Section Editors: Roger J. Lewis, MD, PhD,
Department of Emergency Medicine, Harbor-UCLA
Medical Center and David Geffen School of
Medicine at UCLA; and Edward H. Livingston, MD,
Deputy Editor, JAMA.

Conflict of Interest Disclosures: All authors have
completed and submitted the ICMJE Form for
Disclosure of Potential Conflicts of Interest and
none were reported.

REFERENCES

1. Laptook AR, Shankaran S, Tyson JE, et al; Eunice
Kennedy Shriver National Institute of Child Health
and Human Development Neonatal Research
Network. Effect of therapeutic hypothermia
initiated after 6 hours of age on death or disability
among newborns with hypoxic-ischemic
encephalopathy: a randomized clinical trial. JAMA.
doi:10.1001/jama.2017.14972

2. Jacobs SE, Morley CJ, Inder TE, et al; Infant
Cooling Evaluation Collaboration. Whole-body
hypothermia for term and near-term newborns

arandomized controlled trial. Arch Pediatr Adolesc
Med. 2011;165(8):692-700.

3. Food and Drug Administration. Guidance for the
use of Bayesian statistics in medical device clinical
trials. https://www.fda.gov/MedicalDevices
Jucm071072.htm. Published February 5, 2010.
Accessed September 20, 2017.

4. Spiegelhalter DJ, Abrams KR, Myles JP. Bayesian
Approaches to Clinical Trials and Health-Care
Evaluation. Chichester, England: Wiley; 2004.

5. Meurer WJ, Tolles J. Logistic regression
diagnostics: understanding how well a model
predicts outcomes. JAMA. 2017;317(10):1068-1069.

6. Viele K, Berry S, Neuenschwander B, et al. Use of
historical control data for assessing treatment
effects in clinical trials. Pharm Stat. 2014;13(1):41-54.

with hypoxic-ischemic encephalopathy:

JAMA October 24/31,2017 Volume 318, Number 16

jama.com

© 2017 American Medical Association. All rights reserved.

Downloaded From: https:/jamanetwork.com/ UFBA by Dimitri Gusmao-Flores on 10/10/2020


mailto:roger@emedharbor.edu
http://jama.jamanetwork.com/article.aspx?doi=10.1001/jama.2017.14972&utm_campaign=articlePDF%25252526utm_medium=articlePDFlink%25252526utm_source=articlePDF%25252526utm_content=jama.2017.15574
https://www.ncbi.nlm.nih.gov/pubmed/21464374
https://www.ncbi.nlm.nih.gov/pubmed/21464374
https://www.fda.gov/MedicalDevices/ucm071072.htm
https://www.fda.gov/MedicalDevices/ucm071072.htm
https://www.ncbi.nlm.nih.gov/pubmed/28291878
https://www.ncbi.nlm.nih.gov/pubmed/23913901
http://www.jama.com/?utm_campaign=articlePDF%25252526utm_medium=articlePDFlink%25252526utm_source=articlePDF%25252526utm_content=jama.2017.15574

