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Treatment effects will differ from one study to another evaluating
similartherapies,bothbecauseofrandomvariationbetweenindividual
patients and owing to true differences that exist because of other dif-
ferences, including inclusion criteria and temporal trends. The sources

of variability have many levels;
one level involves the random dif-
ferences between individual pa-
tients, and another level involves
the systematic differences that
exist between studies. This mul-

tilevelorhierarchical informationoccursinmanyresearchsettings,such
as in cluster-randomized trials and meta-analyses.1,2 Sources of varia-
tion can be better understood and quantified if treatment effect esti-
mates from each individual study are examined in relation to the to-
tality of information available in all the studies.

Bayesian analysis differs from the usual frequentist approach
(eg, use of P values or confidence intervals). Rather than focusing
on the probability of different patterns in outcomes assuming
specific treatment effects, Bayesian analysis relies on the use of
prior information in combination with data from a study to calcu-
late the probabilities of a treatment effect.3 Readers may be
familiar with Bayesian analysis when used in randomized clinical
trials.4,5 In this type of Bayesian analysis, patients are considered
largely equivalent except with respect to the assigned treatment,
and the goal is to estimate the probability of an overall treatment
effect in the population.

In contrast, a Bayesian hierarchical model (BHM) is a statisti-
cal procedure that integrates information across many levels, so
multiple quantities are estimated simultaneously, and explicitly
separates the observed variability into parts attributable to
random differences and true differences.6 The model has 2 key
characteristics. First, there is a hierarchical or multilevel structure.
For example, if multiple studies were conducted to evaluate
diabetes management strategies, the first-level data may be
improvements in hemoglobin A1C values in individual patients, the
second-level data may be the mean improvements for patients
within each trial, and the third-level data may be the average
improvements in trials grouped according to the type of disease
management strategy. Second, prior information is used to reflect
available information, even if vague, regarding the likely values
and variability at each level of the hierarchy (eg, the variability of
improvements in patients in a single trial, the variability of aver-
age treatment effects between trials using similar disease
management strategies, and the variability of treatment effects
among groups of trials that use different disease management
strategies). Using Bayes theorem, prior information, and the data,
the BHM yields estimates of the true effects at each level of the
hierarchy.3,6 Estimates of true treatment effects may be derived
for individual patients, patient subgroups, individual trials, or
groups of trials. Each of these estimates are informed by the
entire data set included in the statistical model.6

In this issue of JAMA, Stunnenberg and colleagues present the re-
sults of a trial that used a BHM to integrate data from a series of N-of-1
crossover trials7 comparing mexiletine with placebo in the treatment
of patients with nondystrophic myotonia.8 An N-of-1 trial uses a patient
as his or her own control by repeatedly exposing the patient to a treat-
ment or placebo and measuring the effect of the intervention. Each
N-of-1 trial exposes the patient to between 1 and 4 treatment pairs or
sets, with each set randomizing the order of mexiletine and placebo,
witha1-weekwashoutperiodbetweentherapies.Aftereachtreatment
set, prespecified rules were used to determine whether the patient
should continue to the next treatment set or discontinue, either for evi-
dence of benefit of mexiletine, evidence of no benefit, or for reaching
the maximum allowed number of treatment sets. A BHM was used to
integratedatafromallavailableN-of-1trialsperformedinallthepatients
to produce estimates of treatment effects for each patient individu-
ally and also for 2 genetic subtypes of the disease.

Why Is a BHM Used?
Multilevel data have an underlying hierarchical structure. In the re-
port by Stunnenberg et al, each trial had data from a single patient,
and patients were grouped into genetic subtypes. Properly inte-
grating this information required acknowledging the commonali-
ties, eg, data from 2 patients having the same genetic subtype are
more likely to be similar than data from 2 patients having different
genetic subtypes. Heterogeneity between genetic subtypes and
patient-to-patient variability are simultaneously accounted for in the
BHM. A pooled analysis, ie, simply combining data from all pa-
tients, would not account for systematic patient-to-patient differ-
ences. At the other extreme, analyzing each individual patient’s trial
separately would not account for the information available across
all the trials. This could result in underpowered analyses.

By considering the results across all trials, BHMs allow for more ac-
curateestimatesofthetreatmenteffectsforeachindividualtrialbecause
of a fundamental fact about multilevel data—namely, that regardless of
the true systematic differences between the true treatment effects
estimated by each trial, random variability is more likely to amplify
these differences than diminish them. For example, suppose 4 single-
interventiongrouptrialsof100patientseachareconductedtoestimate
acommonrateofaparticularpatientoutcome,whichis,hypothetically,
60% for all of the trials. Because of random variability in 100 patients,
it is likely that one of the studies will produce an observed rate less than
60%, while another will produce an observed rate greater than 60%.
Even though the studies all have exactly equal true underlying rates,
numerical simulation demonstrates that the lowest observed value will
average54.9%andthehighestwillaverage65.0%.Eventhoughnotrue
heterogeneityexists,whenactualobservationsaremadetheresultswill
appear heterogeneous because of random variation. Consider a differ-
ent scenario in which the 4 trials are truly different, with true underly-
ing rates of 54%, 58%, 62%, and 66%. Although the true rates range
from54%to66%,theobservedratesonaveragewill rangefrom52.5%
to 67.4% because of the additional random variation seen in a trial with
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a finite sample size. Here again, the observed values tend to be farther
apart than the true values. The lowest observed value in a group is likely
lower than its true value, and the highest observed value in a group is
likely higher than its true value.

Knowing that observed values tend to be farther apart than the
true values, the best estimates of the true values are closer to-
gether than the observed values. These estimates (which are more
accurate than if each estimate were based only on the results from
the individual trial) can be obtained using “shrinkage estimation.”6,9

The term “shrinkage” refers to the reduction in the observed differ-
ences between the trials. The purpose of the BHM is to determine
the proper amount to move the observed treatment differences
closer together to obtain the shrinkage estimates. The model esti-
mates the proportion of total variability attributable to random
(within-trial) variability and the amount attributable to systematic
differences. By eliminating random noise, the resulting estimates are,
on average, closer to the underlying truth.6

If the observed heterogeneity is consistent entirely with random
variation, the resulting estimates for each group will be close to each
other. In contrast, if the observed heterogeneity far exceeds what may
be explained by random variation, the heterogeneity will be attrib-
uted to true differences that exist between the groups, and the treat-
ment effect estimates will not shift much from the observed rates.

Estimates from a BHM typically have reduced variability compared
with those from independent analyses, in which each trial is analyzed
separately. This results in tighter interval estimates of treatment effects
and may result in statistical hypothesis tests with greater power and
lower type I error. For these reasons, BHMs are especially promising for
studies of rare diseases for which large sample sizes are not feasible.

What Are the Limitations of BHMs?
All statistical models are predicated on assumptions that should be
understood before applying the method. Bayesian hierarchical mod-
els rely on various assumptions (eg, the number of levels and the prior
probability distributions used as the basis for Bayesian estimation
of treatment effects) to estimate and separate within- and across-
group variability.6 Additionally, most BHMs assume a certain
type of distribution for the across-group variability—for example,

a bell-shaped curve. This assumption may fail if there is an outlying
group inconsistent with a bell shape, potentially resulting in biased
estimates for that outlying group.10 It is important to consider sen-
sitivity analyses that verify the robustness of the conclusions to
changes in the choices of prior distributions.

How Were BHMs Used in This Case?
In the study by Stunnenberg et al,8 information from 27 N-of-1 trials
was integrated to produce estimates of the treatment effect of mexi-
letine relative to placebo for 2 genetic subgroups and for the over-
all population. The outcome was a reduction in self-reported mus-
cular stiffness on a 1-to-9 scale using a validated questionnaire.
The mean reduction in stiffness was 3.84 (95% CI, 2.52 to 5.16) for
the CLNC1 genotype and 1.94 (95% CI, 0.35 to 3.53) for the SCN4A
genotype. The mean reduction across all subgroups was 3.06 (95%
CI, 1.96 to 4.15). Bayesian hierarchical models were used to success-
fully and rigorously integrate information with a complex underly-
ing structure: a variable number of treatment sets per patient, with
patients grouped into 2 genotype subgroups.

The BHM allows analysis at different levels of aggregation. In
the study by Stunnenberg et al,8 the aggregation occurred at 3 lev-
els. First, data from each patient were aggregated across multiple
treatment sets to estimate a single treatment effect for each pa-
tient. At the second level of the hierarchy, data were aggregated to
estimate the treatment effect within 2 genotype subgroups. The
third level described the distribution across subgroups.

How Should BHMs Be Interpreted?
A BHM provides estimates of treatment effects, or other relevant
clinical metrics, at each level of the hierarchy, based on all data in-
cluded in the model. Because of the inclusion of a greater amount
of information, these estimates are generally more accurate than if
analyses were conducted on subgroups separately, increasing the
power of statistical comparisons. For example, in a 3-level model with
multiple measurements for each patient, multiple patient sub-
types (eg, genetic subtypes), and an overall treatment effect for all
patients, the hierarchical model provides estimates for each pa-
tient individually, for each patient subtype, and across all subtypes.
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