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Bayesian approach to the design and
analysis of non-inferiority trials for
anti-infective products†

Meg A. Gamalo,* Ram C. Tiwari, and Lisa M. LaVange

In the absence of placebo-controlled trials, determining the non-inferiority (NI) margin for comparing an experimental treat-
ment with an active comparator is based on carefully selected well-controlled historical clinical trials. With this approach,
information on the effect of the active comparator from other sources including observational studies and early phase trials
is usually ignored because of the need to maintain active comparator effect across trials. This may lead to conservative esti-
mates of the margin that translate into larger sample-size requirements for the design and subsequent frequentist analysis,
longer trial durations, and higher drug development costs. In this article, we provide methodological approaches to determine
NI margins that can utilize all relevant historical data through a novel power adjusted Bayesian meta-analysis, with Dirichlet
process priors, that puts ordered weights on the amount of information a set of data contributes. We also provide a Bayesian
decision rule for the non-inferiority analysis that is based on a broader use of available prior information and a sample-size
determination that is based on this Bayesian decision rule. Finally, the methodology is illustrated through several examples.
Published 2013. This article is a U.S. Government work and is in the public domain in the USA.
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1. INTRODUCTION

1.1. Antibiotic drugs challenge

When absence of treatment can lead to mortality or serious
irreversible morbidity to patients in clinical trials for indications
where therapies exist, the use of a placebo is considered unethical
[1–3]. This is a problem distinctive to antibacterial drug devel-
opment and forces studies to take an alternative design called
non-inferiority trial. This kind of trial establishes evidence of ther-
apeutic value that, unlike placebo-controlled trials, is indirect
because it requires that the trial only needs to rule out an amount
by which the experimental drug’s effectiveness may be worse
than that of an active comparator drug [4–6]. This amount puts a
threshold on how unacceptably less effective the new treatment
can be before it is deemed ineffective. The choice of threshold
must satisfy the requirement that the difference in clinical benefit
between the two treatments is negligible [7–9].

However, choosing the non-inferiority (NI) margin often results
in many uncertainties. In many anti-infective indications, no
placebo-controlled trials can be found in the literature to ascer-
tain the magnitude of drug effect, and even if there are, they
pre-date to the early antibiotic era, for example, see Snodgrass
and Anderson [10] who compared sulfonamides to ultra-violet
light therapy for the treatment of erysipelas and Regan et al.
[11] who investigated re-amputation rates as a means to quan-
tify control of infection in diabetic foot infections; whereas the
practice of medicine has tremendously improved today. The
ability of contemporary trial endpoints to capture drug benefit
is unclear as well. In hospital-acquired or ventilator-associated
bacterial pneumonia (HABP/VABP), for example, there has been
a number of discussions on whether to use clinical cure as an

endpoint as opposed to all-cause mortality (ACM). ACM has been
recommended by the US FDA, because antibacterials have well
documented historical evidence of treatment effect over inade-
quate or delayed therapy [12–14] but may not provide informa-
tion on how the drugs will be used in clinical practice [15].

These uncertainties in trial design coupled with lack of eco-
nomic incentive to develop antibiotic drugs have become serious
barriers to the development of new antibacterial agents [16, 17].
With an increasing antibacterial resistance that eventually ren-
ders existing drugs obsolete, there is a shortage of novel antibi-
otics to combat these newly-mutated bacterial strains [18–21].
In this changing landscape, an argument can be made for bet-
ter, more advanced strategies for evaluating the effectiveness
of new antimicrobials once they are in development [22] and,
in general, for modernizing the paradigm of antibacterial drug
development [23]. Other clinical trial reforms that could be con-
sidered include fast-track approvals, organism-specific clinical tri-
als, alternate or surrogate clinical endpoints, and more powerful
statistical analysis of trial results [24].

The challenge is to identify a multi-pronged solution, includ-
ing more advanced statistical strategies, which are powerful in
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evaluating the effectiveness of new antimicrobials. It is under
this paradigm that this paper attempts to discuss a statistical
framework that makes efficient use of available information to
determine whether a drug is efficacious, so that ultimately non-
inferiority clinical trials can be designed more efficiently as well.
Specifically, we discuss a novel Bayesian approach for determin-
ing evidence of drug effect, which is essential to determining
a NI margin, testing the non-inferiority hypothesis and estimat-
ing sample size of a trial. At the heart of this approach is the
effective use of prior information, which is a rational choice
given that most anti-infective efficacy measures are not very
sensitive in differentiating drug effects and therefore require
boost from available information to increase the precision of the
effect estimates.

Antibacterial drugs are a unique class in the sense that the
mechanism of action is well defined and tested in both preclinical
and clinical settings before the compound is tested in large tri-
als. For example, the antibacterial drug tigecycline demonstrated
in vitro activity against bacteria of clinical interest. Then, it was
evaluated in animal infections models, where it was shown to
be effective in bacterial killing. Finally, its exposure, as measured
by the ratio of the area under the serum-concentration-versus-
time curve (AUC) to the minimum inhibitory concentration (MIC)‡,
and the relationship between exposure and outcomes were well
described by exposure–response models. Tigeccyline was studied
in patients for whom efficacy was demonstrated and related to
AUC : MIC ratio using exposure–response models [25–27]. In other
words, antimicrobial agents that enter late-stage clinical develop-
ment have been effectively pre-screened for efficacy. Hence, the
use of a prior distribution in designing and analyzing the current
trial represents a clever use of available information.

1.2. Organization and notation

In the next section (Section 2), we discuss a Bayesian random
effects meta-analysis using Dirichlet process (DP) priors [28] to
estimate the treatment response and evidence of active com-
parator drug effect. We also discuss power priors, introduced by
Ibrahim and Chen [29], Chen et al. [30], Ibrahim et al. [31] and Chen
et al. [32], as a method to discount historical data and propose a
new method for combining different types of historical informa-
tion that allows for dependence of powers called ‘order restricted
power priors’. Henceforth, we call this meta-analytic technique as
the Order Restricted Dirichlet Meta-analysis (ORDM). Section 3
presents the non-inferiority testing setup, estimation of the NI
margin, particularly in the situation when there is no direct evi-
dence of the active comparator drug’s effect, and extends the
Bayesian decision rule proposed by Gamalo et al. [33, 34]. In par-
ticular, the objective is to broaden the use of prior information to
obtain the posterior distribution of the treatment effect defined
as difference in treatment effect between experimental treatment
and active comparator; that is, we assume that the priors for the
mean and variance for both treatments are taken to be the pos-
teriors of the corresponding parameters of the treatment arm in
the historical trial of the active comparator versus placebo or inef-
fective treatment. Once this distribution is determined, a similar
Bayesian decision rule is used for decision making as to when the
experimental treatment is deemed non-inferior to the active com-
parator. Section 4 discusses sample-size determination based on
the proposed rule. Then all these methods are applied to relevant
examples in Section 5. A discussion follows in Section 6 and ends
with some concluding remarks.

Throughout the manuscript, we use bold symbols for vectors,
for example, xN

E D .xE,1, : : : , xE,nE /
0. Historical (H with data parti-

tions for example, H1, H2, H3) or current non-inferiority .N/ trial
data are superscripted. The study number or treatment group
(P for placebo, C for active-control, or E for experimental drug)
where the vector belongs are subscripted. For subject-level data,
an additional subscript is indicated. Summary statistics are cap-
italized, for example, NXH1

1 , and a vector of summary statistics

is written in bold, for example, NX
H1
D . NXH1

1 , : : : , NXH1
k /0. Other

notations are defined as they are introduced.

2. META-ANALYSIS OF
HISTORICAL INFORMATION

2.1. Dirichlet process priors

Suppose NX
H1
D . NXH1

1 , : : : , NXH1
k /0 denote the random variables cor-

responding to estimates of the treatment response from k his-
torical studies in H1, which is a subset of historical studies from
the total set H. The conventional random effects meta-analytic
approach [35] assumes that each mean response is written as

NXH1
i j�,˛i

ind
� N

�
�C ˛i , �

2
i

�
, �2

i > 0 : known; (1)

˛1, : : : ,˛kj�
2 iid
� N

�
0, �2

�
, �2 � 0 : unknown (2)

where� is the population treatment response and ˛i , iD 1, : : : , k,
are random effects corresponding to study effects. This model
allows for between-study heterogeneity as represented by the
parameter �2 and within-study variability as represented by �2

i >

0, iD 1, : : : , k. The frequentist and Bayesian (with respect to non-
informative prior on �) estimates of � are given by the weighted
average of the treatment responses from the historical studies
with weights w�i D 1=.�2

i C �
2/, i D 1, : : : , k. This means that

the treatment responses are ‘shrunk’ toward � by an amount
depending on the between-study and within-study variances.
Relatively small values of �2 suggest that the data provide little
heterogeneity, while fixing �2 D 0 induces a model that assumes
homogeneity among studies.

Often, existing data already provide sufficient information to
estimate�; hence, the parameter is given a non-informative prior.
However, the choice of prior for �2 requires some consideration.
Gelman [36] does not recommend using a uniform prior because
it tends to unduly favor higher values, resulting in excessive het-
erogeneity. On the other hand, using a proper and conditionally
conjugate inverse gamma prior is sharply peaked near zero and
thus induces strong preference for homogeneity. Instead of the
normal prior for ˛1, : : : ,˛k , Muthukumarana and Tiwari [28] used
the DP prior that better accommodates heterogeneity among
studies while herding them into one cluster when these studies
are indeed homogeneous.

Under the DP, the Bayesian approach to meta-analysis obtains
the estimate of the target parameters � D .�,˛1, : : : ,˛k/ through

‡The MIC is the lowest concentration of an antibiotic that completely inhibits the
growth of a microorganism in vitro. While the MIC is a good indicator of the
potency of an antibiotic, it indicates nothing about the time course of antimicro-
bial activity. The AUC after a dose of antibiotic measures how high (concentra-
tion) and how long (time) the antibiotic levels remain above the target MIC during
any one dosing interval. In essence, the AUC : MIC ratio indirectly measures bac-
terial eradication and quantifies the amount of exposure of the organism to the
antibiotic during any one dosing interval.2
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the posterior distribution
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where L.�,˛ij NXH1
i , �2

i / is the likelihood of NXH1
i given by
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(5)
and �0.�/ is the prior distribution for � characterized by

f .�/ / c,�1� ��1,

˛ij
iid
� DP.�, G/, iD 1, : : : , k. (6)

Here, DP.�, G/ is a DP with the chosen underlying baseline distri-
bution G and concentration parameter �. The magnitude of the
concentration parameter represents prior confidence in G; larger
values of � imply a stronger conviction that ˛1, : : : ,˛k are gov-
erned by G [37, 38]. Hence, indifference in G suggests that � takes
a non-informative prior.

Note that because the components of � are independent, the
conditional posterior probability density function (PDF) for � is
simply a mixture of normal distributions given by

�j NX
H1
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1 , : : : , �2

k ,˛1, : : : ,˛k � N
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(7)

The updating of the conditional PDFs of ˛1, : : : ,˛k can be car-

ried out using the fact that if ˛1, : : : ,˛k
iid
� DP.�, G/, then the

conditional is again a DP given by

˛jj˛1, : : : ,˛j�1,˛jC1, : : : ,˛k , G�
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(8)

where ı˛i is atomic at ˛i and @˛j is the differential of ˛j [39]. The
finite representation of the stick-breaking characterization of the
DP by Sethuraman and Tiwari [38] and Sethuraman [40] is used to
sample from DP.�, G/. Notice that the posterior conditional PDFs
are analytically tractable and can be parametrized in a manner
that can be readily interpreted in relation to prior information
and belief.

The use of the DP as a prior for the random effect param-
eter is advantageous. There is positive probability that a sam-
ple function chosen by the process approximates as closely as
desired the distribution expressing any prior information or belief
[37, 39] regardless of a chosen baseline distribution. This relaxes
the traditional assumption of normality and allows for a more

general shape or variation of the random effects. It also provides
more flexibility in estimating study effects because it accommo-
dates the evidence of statistical heterogeneity or variation in the
underlying effects across study.

2.2. Power priors

The estimation of the population treatment response in the pre-
vious method implies a simple pooling of relevant historical data.
This pooling can well be justified if all historical data truly come
from the same population. However, the population parameters
may change over time, over various study settings, and in many
unobservable ways resulting in some studies that are more reli-
able than others. The question is then how much each of the
historical datasets contribute to the meta-analysis.

Obviously, the maximum information a historical dataset can
provide is when it is used without discounting. This information
is controlled when the likelihood function of the data is raised to
a suitable power � . This technique is called power priors [29–32],
and given � D .�1, : : : , �k/

0, 0 < �i < 1, i D 1, : : : , k, the power
prior of � is

q
�
�j NX

H1
, �2

1 , : : : , �2
k ,�

�
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kY
iD1
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�
�,˛ij NX

H1
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�i�i
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Despite q
�
�j NX

H1
, �2

1 , : : : , �2
k , �

�
being a posterior, it is called

‘power prior’ because it can be used as a prior to the likelihood
of any current data, whenever it is applicable. Notice that when

�0.�/ is non-informative, q
�
�j NX

H1 , �2
1 , : : : , �2

k ,�
�

is proportional

to the product of k likelihoods, each of which is N
�
�C ˛i , �2

i =�i
�
,

i D 1, : : : , k; hence, the parameter �i can be interpreted as a pre-
cision parameter for the historical data; that is, because the vari-
ances of the historical data are increased, �i controls the heaviness
of the tail of the prior for � . As the �i ’s become smaller, the tail of
(9) becomes heavier. When �i D 0, for all i, then the power prior
corresponds to just the prior of � , which is �0.�/. Setting �i D 1,
for all i, corresponds to full updating of � using Bayes theorem.

Because� is not pre-determined, it can be extended to the case
when it is random by specifying a prior for � so that the joint
power distribution for .� ,�/ is of the form

q
�
�j NX

H1
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1 , : : : , �2
k ,�
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/
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iD1
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1
A�0.�j�/�0.�/,

(10)
where � is a specified hyperparameter vector. For example, a nat-
ural prior for � is to assume that the �i ’s are independent and
identically distributed as Beta.a, b/, or as simply a uniform distri-
bution over Œ0, 1	, which gives the investigator more flexibility in
weighting the historical datasets.

Although modern computational capabilities have made it
possible to accommodate more complex models in (10), partic-
ularly, by allowing �i ’s to be independent but not identically dis-
tributed for all i, it is parsimonious to assume �i D � , for all i,
instead. In this case, each component of � assumes the same
value � with prior given by the Beta.a, b/ distribution. The idea
hinges on the concept of the availability of historical data. Assum-
ing a common �i implies that it is the probability that all compo-

nents NXH1
1 , : : : , NXH1

k of NX
H1

come from the same population, that
is, in some sense, a common �i measures the similarity among the

components of NX
H1

.
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2.3. Order restricted power priors

Historical data can come from different types, for example, ran-
domized double-blind studies, randomized open-label studies,
observational studies, animal models of disease, Pharmacokinetic-
Pharmacodynamic (PK-PD) profiles, and so on. The merit of the
data from each study is considered according to the degree to
which the potential for bias in conducting and analyzing the
study is minimized as well as the scientific credibility of its ensuing
results. Hence, randomized double-blind studies are usually con-
ferred of the highest value. Yet, throwing away the other types
of data altogether is not prudent either. Although these other
data are potentially biased, they may still convey information that
could enhance precision of the estimate of treatment response.
However, weighing them equally as the other data, which have
higher integrity, is also not appropriate because they might dom-
inate the estimate of the response. Therefore, all these types of
data must be weighted suitably as they are aggregated.

In what follows, we will discuss a way to incorporate differ-
ent types of data together with the so-called ‘order restricted

power priors’. Let NX
H2
D
�
NXH2

kC1, : : : , NXH2
m

�0
denote the random

variables corresponding to estimates of the treatment response
from m historical studies that are, say, randomized control trials

(RCTs) and let NX
H1
D

�
NXH1

1 , : : : , NXH1
k

�0
denote the random vari-

ables corresponding to estimates of the treatment response from
k studies that are not RCTs. Let the combined data be denoted

by NX
H
D

��
NX

H1
�0

,
�
NX

H2
�0�

, then the combined power prior

representation becomes

q
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1
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(11)
where 0 � �1 < �2 � 1 as a means to down-weight the influ-
ence of the data, which are not RCTs, that come from H1. Note
that �1, �2 can be geometrically interpreted as partitions or ‘spac-
ings’ of a unit interval, .0, 1/. So, if u D �1, v D �2 � �1 and
1� u� v D 1� �2 denote the lengths of the partitioned intervals,
then the triple .u, v, 1 � u � v/ can be given a (singular) Dirichlet
distribution as a prior, that is, .u, v, 1�u� v/� Dir.1, 1; 1/. Conse-
quently, �1 � Beta.1, 2/ and .�2��1/=.1��1/j�1 � Beta.1, 1/ and
note that 0< .�2 � �1/=.1� �1/ < 1 implies that 0< �1 < �2 < 1.
Then the priors for �1 and �2 are characterized through u and v
given by �1 D u and �2 D uCv where .u, v, 1�u�v/� Dir.1, 1; 1/.

The advantage of this prior is that the posterior distributions
of �1 and �2, obtained through u and v, also satisfy the order
restriction 0 < �1 < �2 < 1; that is, ordering is preserved
as �1 and �2 are continuously updated through their posterior
distributions. Moreover, while the choice of hyperparameters for
the Dirichlet distribution here are non-informative, other values
can be experimented with as well depending on how much dis-
counting one desires. For example, if Dir.1, 1; 4/ is used instead of
Dir.1, 1; 1/, then the mean of �1 is 1=6 instead of 1=3; hence, H1 is
weighted less.

It is easy to see that this approach extends the power prior
introduced by Ibrahim and Chen [29] to include dependence
of the powers, instead of assuming that all the �i are indepen-
dent of each other, and extends the meta-analysis with DP pri-
ors by Muthukumarana and Tiwari [28], as well. Hence, we call

this method the ORDM. Note that ORDM can also easily accom-
modate several types of data. Suppose that there are s types
of historical studies, H1, : : : , Hs, available although possibly not
compatible because the underlying study populations are not
similar or cannot be interchanged, that is, are not exchangeable.
Assume that the relevant information from these studies, sum-
marized by their corresponding likelihood functions, are weighed
by 0 < �1 < : : : < �s < 1. Then a natural prior distribution
on 0 < �1 < : : : < �s < 1 is defined through the spacings of
.0, 1/ given by 0 < u1 D �1, u2 D �2 � �1, : : :, us D �s � �s�1,
usC1 D 1 � �s; where

PsC1
iD1 ui D 1. A Dirichlet distribution

Dir.a1, : : : , as; asC1/, with parameters a1, : : : , asC1 on the simplex
f0 < u1, : : : , usC1 < 1;

Ps
iD1 ui � 1g, serves as a prior of which a

special case is Dir.1, : : : , 1; 1/. In fact, for generality, ai , i D 1 : : : , s,
can be given a uniform hyperprior, Unif.p, q/, for q > p� 1. Under
Dir.1, : : : , 1; 1/, one can derive that u1 � Beta.1, s/, u2=.1� u1/�

Beta.1, s� 1/, : : : , us=.1� u1 � : : :� us�1/ � Beta.1, 1/. Further-
more, the posterior distribution of �1, : : : , �s, obtained through
u1, : : : , us, will also satisfy the order restriction 0 < �1 < : : : <

�s < 1.

3. NON-INFERIORITY TESTING

3.1. Hypothesis and estimation of�

Let xN
E D .xE,1, : : : , xE,nE /

0 and xN
C D .xC,1, : : : , xC,nC /

0 denote
the random vectors corresponding to the treatment responses
observed from each patient in the experimental treatment
and the active comparator arms in the current study. Let
n D nE C nC denote the total sample size and write xN D��

xN
E

�0
,
�

xN
C

�0�0
. We assume that xE,k and xC,l are mutually inde-

pendent and that xE,kj�E , �2
E�N.�E , �2

E /, k D 1, : : : , nE and
xC,lj�C , �2

C�N.�C , �2
C /, l D 1, : : : , nC , where �E , �C denote the

mean response of the experimental treatment and active com-
parator arms in the current trial and �2

E , �2
C are the associated

variances. Let � D .�E ,�C , �2
E , �2

C /. Then the joint distribution of
xN for this endpoint is given by

f .xNj�/D

nEY
kD1

1
p

2��E
exp

(
�

1

2��2
E

.xE,k ��E/
2

)

�

nCY
lD1

1
p

2��C
exp

(
�

1

2��2
C

.xC,l ��C/
2

)
.

(12)

The objective is to demonstrate that an experimental drug and
an active comparator are not clinically different by ruling out that
the new drug is not worse compared with the active compara-
tor by a clinically irrelevant margin [5]. That is, one must test the
hypothesis

H0 : g.�/� �
 vs H1 : g.�/ > �
, (13)

where g.�/ is a scalar function that measures the ‘true’ size of
treatment effect and 
 is a pre-determined real-valued quantity
called the NI. For example, when g.�/D �E��C , this leads to the
null hypothesis of comparing the difference in mean responses
(i.e, the true treatment effect) H0 : �E � �C � �
 versus H1 :
�E ��C > �
 . Let‚0 and‚1 denote the parameter spaces cor-
responding to H0 and H1, that is, let‚0 D f� : �E��C ��
, �2

E >

0, �2
C > 0g and ‚1 D

˚
� : �E ��C > �
, �2

E > 0, �2
C > 0



. Note

here that the treatment response considered is a positive or good2
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outcome, for example, clinical cure, and the experimental treat-
ment should be no more than 
 worse than the active compara-
tor. If a negative or bad treatment is being evaluated, for example,
ACM, the hypothesis in (13) is switched to H0 : g.�/ � 
 vs H1 :
g.�/ < 
. The function g.�/ can also take other forms to cor-
respond to the difference in log-odds, log-hazard ratio, and so
on, and its associated parameter spaces can reflect this change
as well.

The FDA guidance on non-inferiority recommends that the
margin 
 needs to be quantified through the estimated efficacy
of the active comparator compared with placebo in historical tri-
als. This involves estimating the minimal reliable effect of the
active comparator over placebo, M1, and invoking meaningful
clinical judgment, if any, on what is an appropriate margin (
)
based on the objective of assuring that at least 100� per cent,
0< �� 1, of M1 is preserved in the current trial. For example, sup-
pose there is available historical placebo-controlled study data,
xH

P D .xH
P,1, : : : , xH

P,nP
/0 and xH

C D .xH
C,1, : : : , xH

C,nC
/0 where xH

P,i and

xH
C,j are mutually independent random variables corresponding

to placebo and active comparator treatment response in histor-
ical trials, respectively, distributed as xH

P,ij�P , �2
P�N.�P , �2

P /, i D

1, : : : , nP , xH
C,jj�C , �2

C�N.�C , �2
C /, j D 1, : : : , nC , where �P , �C

denote the mean responses of placebo and treatment in the
historical trial and �2

P , �2
C are the associated variances. Then, a

frequentist estimate of M1 is given by the lower .1 � ˛/100%
confidence bound of the difference in treatment response, MF

1 D

NXH
C�
NXH

P �z1�˛=2. OV
H
P,C/

1=2, where OVH
P,C D O�

2
C=nCCO�

2
P =nP and z1�˛=2

is the 1 � ˛=2 quantile of the standard normal distribution, and
a conservative margin, 
F D .1 � �/MF

1, 0 < � � 1, is chosen.
This is the fraction of the total effect that is considered to be clin-
ically irrelevant. In the Bayesian approach, when the priors for �P

and �C are non-informative and improper, that is, �.�P/ / 1 and
�.�Cj�P// 1, the posterior distribution of .�C ��P/ is

.�C ��P/j NX
H
P , NXH

C , �2
C , �2

P � N

 
NXH

C �
NXH

P ,
�2

C

nC
C
�2

P

nP

!
(14)

and a Bayesian estimate of M1, denoted by MB
1, can be obtained

as the solution of

Pr

0
BB@Z �

MB
1 �

�
NXH

C �
NXH

P

�
�
OVH

P,C

� 1
2

j NXH
C , NXH

P , O�2
C , O�2

P

1
CCA� 1� ˛=2, (15)

where Pr is used as a generic symbol for probability. This value
of MB

1 usually corresponds to the lower limit of the 100.1 � ˛/%
CrI for the difference .�C ��P/. As in the frequentist strategy, the
margin can be taken as
B D .1��/MB

1. In cases where there may
be multiple historical datasets that can be used to derive the pos-
terior distribution of .�C � �P/, a meta-analysis of the difference
in treatment responses (i.e., treatment effect) can be calculated
using the methods presented in Section 2.

When there are no placebo-controlled studies, a situa-
tion common in many antibacterial indications, the placebo
effect will have to be extrapolated from other sources. For
example, in hospital-acquired or ventilator-associated bacterial
pneumonia (HABP/VABP), the estimate of M1 for the active
comparator is derived from the treatment response of the
inadequate/inappropriate/ or delayed therapy arm in a set of

active-controlled trials and the treatment responses of sev-
eral appropriate active agents in a different set of active-
controlled trials. In particular, it is determined by subtracting the
upper limit of the 95% CI of the treatment response of inade-
quate/inappropriate/ or delayed therapy from the minimal sig-
nificant treatment response of all active therapies in historical
trials. This calculation becomes more conservative because the
margin is now obtained from the difference of the extremes of
the treatment effect in both groups and is a problem that besets
frequentist approaches, because no distribution can be specified
for the difference in treatment effects from which M1 is obtained.
In contrast, in the Bayesian approach, a distribution of the differ-
ence of the treatment responses (of the active comparator with
the delayed/inadequate therapy) can be constructed from their
individual (independent) posteriors distributions.

3.2. Bayesian decision rule

Consider the joint distribution given in (12). Suppose that both
�E and �C have informative priors �C � N

�
��E , ��2

E

�
and �C �

N
�
��C , ��2

C

�
, which are obtained from the conditional poste-

rior PDFs in the meta-analysis of available historical information
about the treatments. Note that these distributions have been
discounted to a certain degree. Then, �E and �C have similar
(marginal) posterior distributions of the form

�tj NXt , �2
t � N

�
Q�t , Q�2

t

�
(16)

where t 2 fE, Cg and

Q�t D Q�
2
t

 
nt NXt

�2
t

C
��t

��2
t

!
, Q�2

t D

 
nt

�2
t

C
1

��2
t

!�1

(17)

and �E and �C are independent. The posterior distribution of
.�E ��C/ is

.�E ��C/j NXE , NXC , �2
E , �2

C � N
�
Q�E � Q�C , Q�2

E C Q�
2
C

�
. (18)

This setup extends the proposal of Gamalo et al. [33, 34] by using
an informative prior for �E . In antibacterial drug development,
using an informative prior for the treatment response of the
experimental treatment drug, �E , is reasonable because of three
reasons: (1) antibacterial drugs must be demonstrably effective
in vitro against the bacteria of clinical interest; (2) it must also be
established that the experimental drug effectively kills bacteria
and reduces mortality in animal infection models, which can be
well described by PK-PD models in these animal systems; and (3)
antibacterial drugs must be studied in patients for whom efficacy
was demonstrated and related to PK-PD profiles (cf. [26], [41]). On
the other hand, it is also logical to use an informative prior for �C

because constancy is assumed by design; that is, the current trial
is designed in a way similar to the past trials, which demonstrated
the effectiveness of the active comparator against placebo.
This strategy also takes into account that similarity between
the historical and the current non-inferiority trial in terms of
design and conduct is crucial to meaningful interpretation of
non-inferiority results.

For the unknown variances in (12), we assume that �2
C , and �2

E
are independent and have Jeffreys non-informative priors, that is,
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�
�
�2

C

�
/ ��2

C and �
�
�2

E

�
/ ��2

E . Then, �2
C and �2

E are also inde-
pendent a posteriori, and their posterior distributions, conditional
on �C , and �E , respectively, are Inverse-Gamma (IG) distributions

IG

 
nC

2
,

1

2

nCX
iD1

.XC,i ��C/
2

!
, IG

 
nE

2
,

1

2

nEX
iD1

.XE,i ��E/
2

!
. (19)

We can define the decision rule for deciding that the experimental
treatment is non-inferior to the active comparator in preserving
100� per cent of the treatment effect of the active comparator if

Pr
�
�E ��C � �


Bj NXE , NXC , �2
E , �2

C

�
D Pr

0
@Z �

�
B � . Q�E � Q�C/�
Q�2

E C Q�
2
C

� 1
2

1
A

� p�,
(20)

where p� is pre-specified, such as p� = 0.975, 0.95 or any other
clinically reasonable values. We shall refer to Equation (20) as
the proposed Bayesian decision rule, which can be evaluated
using Markov chain Monte Carlo (MCMC) simulations. Note that
because we know the posterior distribution of �E � �C , if inter-
ested, we can compute the posterior probability of varying treat-
ment effects between the experimental treatment and the active
comparator, namely, Pr.�E ��C > ��j NXE , NXC , �2

E , �2
C /, for different

choices of � D .1 � �/MB
1, 0 < � � 1. All these can be easily be

extended to discrete endpoints (see for e.g.,[33]).
This method differs from Simon’s approach [42], which tries

to model treatment effect from both the historical and the cur-
rent non-inferiority trial akin to the synthesis approach [43]. It is,

however, related to the network meta-analytic-predictive approach
to non-inferiority trials [44], which involves the use of network
meta-analysis to incorporate information into the current trial.
The difference is that the network approach does not adjust for
non-exchangeability of data.

4. SAMPLE-SIZE DETERMINATION

Consider the non-inferiority hypothesis given in (13). In the fre-
quentist setup, under the null hypothesis, the statistic T.xN/ D
NXE� NXC is assumed� N

�
�E�C , �2

E�C

�
, where�E�C D �E��C and

�2
E�C D n�1

�
r�1�2

E C �
2
C

�
, nE D rnC D rn. Then H0 is rejected

at the significance level ˛ if T.xN/ > �z˛=2�E�C C 
, where

z˛ D ˆ.Z � z˛/ D
R z˛
�1 N.0, 1/dx. Let ENP

˛ denote the event that
T.xN/ > �z˛=2�E�C C
. Under H1, the probability of this event
occurring, also called the ‘Neyman–Pearson’ (NP) power for the
test given ��E�C , is

Pr
�

ENP
˛ j�

�
E�C

�
Dˆ

�
z˛=2C

��E�C C


�E�C

�
D 1� ˇ (21)

where ˇ is the Type-II error. This happens if and only if

nD

�
z˛=2 C zˇ
��E�C C


�2 �
r�1s2

E C s2
C

�
� nNP , (22)

where �2
E D s2

E=nE and �2
C D s2

C=nC .
For the Bayesian sample-size calculation, we derive a procedure

based on the decision criterion given in (20) that is straightfor-
ward compared to other Bayesian sample-size estimates requiring
both sampling and fitting priors (see for e.g., [45]). Given �E�C ,
the distribution of T.xN/ is normal with mean �E�C and variance
�2

E�C and �E�C � N
�
��E�C , ��2

E�C

�
. Then the marginal of T.xN/

is N
�
��E�C , ��2

E�C C �
2
E�C

�
, the posterior distribution of �E�C is

similar to the expression in (18) and is given by

�E�CjT.xN/DT � N

"�
Q�2

E�C

� T

�2
E�C

C
��E�C

��E�C

!
, Q�2

E�C

#
, (23)

and the posterior distribution of �E�C C
jT.xN/ is

�E�C C
jT.xN/DT � N

"�
Q�2

E�C

� T

�2
E�C

C
��E�C C


��E�C

!
, Q�2

E�C

#
,

(24)
where Q�2

E�C D
�
1=�2

E�C C 1=��2
E�C

��1
. From (20), the Bayesian

decision rule has the form

Pr
�
�E�C C
� 0j NXE , NXC , �2

E , �2
C

�
� p�; (25)

hence, we choose n that satisfies the following conditions:

(i) Pr
�
Pr.�E�C C
/ > 0j NXE , NXC , �2

E , �2
C

�
� p�jH0

�
� ˛=2, and

(ii) Pr
�
Pr.�E�C C
/ > 0j NXE , NXC , �2

E , �2
C

�
� p�jH1

�
� 1� ˇ.

Note that

Pr
�
�E�C C
> 0j NXE , NXC , �2

E , �2
C

�
D Pr

0
BB@
�E�C C
� Q�

2
E�C

�
��E�CC�

��2
E�C

C T
�2

E�C

�
Q�E�C

>

�Q�2
E�C

�
��E�CC�

��2
E�C

C T
�2

E�C

�
Q�E�C

1
CCA� 1� p� (26)

is satisfied if and only if

T > �z1�p�

"
1

��2
E�C

C
1

�2
E�C

#1=2

�2
E�C �

"
��E�C C


��2
E�C

#
�2

E�C .

(27)
Thus, conditions (i) and (ii) can be rewritten in terms of

T as (i’) PrH0

�
T > �z1�p�

�
1=��2

E�C C 1=�2
E�C

	1=2
�2

E�C � �
2
E�C�

��E�C C 
/ =��2
E�C

	
� ˛=2 which is equivalent to

ˆ

0
@z1�p�

"
1

��2
E�C

C
1

�2
E�C

#1=2

�E�C

C

"
�2

E�C

��2
E�C

C 1

#
��E�C C


�E�C

1
A� ˛=2,

(28)

and similarly, under the alternative (ii’),

ˆ

0
@z1�p�

"
1

��2
E�C

C
1

�2
E�C

#1=2

�E�C

C

"
�2

E�C

��2
E�C

C 1

#
��E�C C
C�

ı
E�C

�E�C

!
� ˇ,

(29)

3
0
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with �ıE�C specified (see also [46] for a similar expression on
(ii’)). Solving (29) for n, we obtain the conditional Bayesian
estimate of the sample size. As an illustration, let 
 D

0, ��E�C D 0 and 1 � p� D ˛=2. Then it is easy

to see that ˆ
�

z˛=2
�
1=��2

E�C C 1=�2
E�C

	1=2
�E�C

�
� ˆ

�
z˛=2�

1=�2
E�C

	1=2
�E�C

�
� ˛=2 is satisfied and that the sample

size can be obtained by solving ˆ
�

z˛=2
�
1=��2

E�C C 1=�2
E�C

	1=2

�E�C C�
ı
E�C

�
�2

E�C=�
�2
E�C C 1

	
=�E�C

�
� ˇ as �E�C is a func-

tion of n. Furthermore, when �E�C D ��E�C , then (i’) reduces to

ˆ.
p

2z˛=2/ < ˆ.z˛=2/ � ˛=2, and after some simplification, (ii’)

implies that n � 1
2

�
�2

E�C

�
z˛=2C zˇ

	
=�ıE�C

�2
, which is at most

half of the frequentist ‘NP’ sample size. Note that the assumption
�E�C D ��E�C essentially ensures that the posterior variance of
�E�C is �2

E�C=2 or the precision of �E�C is twice as much as that
from the data. In this case, the historical data are appraised as if
they come from another study very similar to the current study,
and the amount of information (reflected in the precision) about
�E�C is doubled.

An alternative expression of (i’) and (ii’) can also be obtained
using the marginal distribution of T.xN/. This accounts for the
variation in the margin and, hence, is called the unconditional
Bayesian probability. In particular, (29) is given by

ˆ

0
B@z1�p�

"
1

��2
E�C

C
1

�2
E�C

#1=2
�2

E�Cq
��2

E�C C �
2
E�C

C

"
�2

E�C

��2
E�C

C 1

#
��E�C C
C�

ı
E�Cq

��2
E�C C �

2
E�C

1
CA� ˇ.

(30)

Note that when
D 0,��E�C D 0 , 1�p� D ˛=2 and �E�C D �
�
E�C ,

the expression yields n D
�
�2

E�CŒz˛=2 C zˇ 	=�
ı
E�C

�2
, which is the

frequentist ‘NP’ sample size.

5. INVESTIGATIONS AND APPLICATIONS

5.1. Simulations: effect of heterogeneity and sample size

Four artificial datasets were generated to investigate the internal
consistency of the ORDM under the effects of heterogeneity as
well as differences in cluster means and sample size. Let �H1 be
the overall mean response of a control drug among observational
studies in H1, �H2 be the overall mean response of the control
drug among open-label randomized studies in H2 , and let �H3

be the overall mean response of the control drug among double-
blind randomized studies in H2. Denote by ˛i , i D 1, : : : , nHj ,
j D 1, 2, 3, the random effects corresponding to study effects.
The mechanism with which each dataset is generated are the
following:

1. Different cluster means, heterogeneous, large sample: �H1 �

N.0.25, 0.0125/, �H2 � N.0.15, 0.0125/, �H3 � N.0.20, 0.0125/,
˛i � N.0, 0.05/, i D 1, : : : , nHj , where nH1 D 15, nH2 D 5,
nH3 D 5, and sample size for each study is 300.

2. Different cluster means, homogeneous, small sample: �H1 �

N.0.25, 0.0125/, �H2 � N.0.15, 0.0125/, �H3 � N.0.20, 0.0125/,
˛i � N.0, 0.0125/, i D 1, : : : , nHj , where nH1 D 15, nH2 D 5,
nH3 D 5, and sample size for each study is 30.

3. Same cluster means, heterogeneous, large sample: �Hj �

N.0.20, 0.0125/, jD 1, 2, 3, ˛i � N.0, 0.05/, iD 1, : : : , nHj , where
nH1 D 15, nH2 D 5, nH3 D 5, and sample size for each study is
300.

4. Same cluster means, homogeneous, small sample: �Hj �

N.0.20, 0.0125/, j D 1, 2, 3, ˛i � N.0, 0.0125/, i D 1, : : : , nHj ,
where nH1 D 15, nH2 D 5, nH3 D 5, and sample size for each
study is 30.

The forest plots for each of these datasets are shown in
Figure 1. The data on the mean response (or event rate) and the
corresponding 95% confidence limits are also given in the table
alongside each plot. The estimate of the overall mean response is
represented by the diamond at the bottom of each plot and its
numeric value together with its 95% confidence limits is given in
the table as well.

Table I compares the overall estimate of the mean response
using the DerSimonian–Laird [35] and the ORDM methods. For
the specification of the latter, in addition to (6), the base distri-
bution G in DP.�, G/ is N.0, �2/, where �2 has an inverse gamma
hyperprior, �2 � IG.�,�/. The choice of the inverse gamma
distribution as hyperprior is arbitrary as other distributions can
be investigated as well, for example Unif.c, d/ or half-Cauchy,
�2 � .1 C �2/�1, for �2 > 0. Specifying hyperpriors � � � �

� � Unif.0.1, 10.0/ completely characterizes the random effects
model in (1) and (2). Lastly, to simplify the implementation, we
noted that conditional on � , the effect of the power prior on the
normal kernel is tantamount to inflating the variance. Then using
WinBUGS [47], we ran 20,000 MCMC iterations with the first 5000
discarded as burn-in to insure convergence of the chains. This
burn-in length was determined by examining MCMC diagnostics
such as trace plots, autocorrelation, and Brooks–Gelman–Rubin
convergence statistic [48, 49]. Because the simulations from mul-
tiple chains are independent, evidence of convergence is based
on the equality of within-chain variability and between-chain
variability. Output containing these convergence diagnostics are
available in WinBUGS.

The results show that the ORDM method provides a consistent
estimate of the overall mean response whether there is hetero-
geneity and with large samples or when the data are homo-
geneous and with small samples. Its estimates are also robust
against departures from the mean. Notice that under Scenario (a)
in Table I, for example, the ORDM estimate of the overall response
only changed from 0.216 when using H3 to 0.208 when using
both H2 and H3, while the DerSimonian–Laird estimate changed
from 0.221 when using H3 to 0.203 when using H2 and H3. A
similar observation can also be inferred in Scenario (b). On the
other hand, the CrIs of the ORDM method are as wide as the
CIs based on DerSimonian–Laird method in heterogeneous and
large sample data. In homogeneous data with small sample size,
the CrIs tend to be wider than the confidence intervals based on
DerSimonian–Laird, but this diminishes quickly when the num-
ber of studies considered increase (see, for example, Scenarios (b)
and (d) in Table I from using H3 to H2 and H3). Lastly, the CrI of the
ORDM estimate of the overall mean response using H1, H2, and
H3 is always tighter than the DerSimonian–Laird estimate using
only H3. This shows why the ordered restriction is important in
improving precision of the estimates.

Table II shows the results of the power used in the likelihood
under the ORDM method. It is interesting to note that it provides
information as to how close the clusters and the studies are. Dif-
ferent cluster means (Scenarios (a) and (b)) imply that the powers
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(a) Different Cluster  Means,  Heterogeneous,  Large
Sample

(b) Different Cluster  Means,  Homogeneous,  Small
Sample

(d) Same Cluster  Means,  Homogeneous,  Small  Sample(c) Same Cluster  Means,  Heterogeneous,  Large  Sample

Figure 1. Forest plots of the four datasets and the DerSimonian–Laird estimate of the overall mean response.

will be small, whereas the same cluster means (Scenarios (c) and
(d)) imply that powers will be large. Heterogeneity (Scenarios (a)
and (c)) also means that the power will be small, while it is the
opposite for homogeneous data sets (Scenarios (b) and (d)).

5.2. Example 1: All-cause mortality in HABP/VABP patients
treated with adequate and appropriate antibacterial therapy

The current US FDA Guidance for developing drugs for the treat-
ment HABP/VABP [14] includes a meta-analysis of published clin-
ical studies to determine the effect of antibacterial drugs in
reducing ACM in this indication. It identified 36 relevant publi-
cations that provided data on ACM and clinical response crite-
ria in patients with HABP/VABP, but only 22 publications were
identified as having sufficient data for inclusion in the analy-
sis. These include 14 observational studies among patients that
received either appropriate antibacterial treatment or inadequate
treatment (e.g., patients receiving antibacterial therapies that
were later found to be resistant to the bacterial pathogen; see
Table III), 3 open-label, randomized, prospective, active-controlled
efficacy studies, and 5 double-blind, randomized, prospective,

active-controlled efficacy studies for the evaluation of drugs for
treatment of HABP or VABP (Table IV), forming a natural parti-
tion of the historical data into three data subsets H1, H2, and H3,
respectively. With this partition, the treatment effect of appropri-
ate antibacterial therapy can be calculated from H3 or the combi-
nation of H1, H2, and H3, while the treatment effect of inadequate
treatment can be calculated only from H1 using the meta-analytic
approaches discussed in Section 2. For more details about the
studies identified, see [14]. A similar discussion is also found in
Sorbello et al. [12].

Let

�
NXHj

t,i ,
�
�

Hj
t,i

�2
�

be a summary measure for ACM denoting

the sample proportion and the sample variance, respectively,
from each of the treatment groups t D .C, P/ from the studies
in Hj, j D 1, 2, 3, where C denotes appropriate treatment and
P is putative placebo, which, in this case, is inadequate or inap-
propriate therapy. An asymptotic 2-test for heterogeneity, the
Cochran’s Q, under the null hypothesis of no heterogeneity in the
control group, gives a Q-value of 3.83 and has p-value less than
0.001 under 2

21. Therefore, a random effects meta-analysis using
ORDM may be appropriate to determine the overall ACM rate.3

2
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Table I. Results of different meta-analysis methods using data from fH3g, fH2, H3g, and fH1, H2, H3g.

Order Restricted Dirichlet Meta-analysis

Clusters DerSimonian
Parameter Utilized & Laird Dir.1, : : : , 1; 1/ Dir.a1, : : : , as; asC1/

(a) Different Cluster Means, Heterogeneous, Large Sample

�% (s.e.) fH3g 0.221 0.216 (0.0226) 0.216 (0.0179)
95% CI=CrI (0.181, 0.267) (0.171, 0.260) (0.181, 0.216)
�% (s.e.) fH2, H3g 0.203 0.208 (0.0183) 0.203 (0.0156)
95% CI=CrI (0.172, 0.238) (0.164, 0.236) (0.172, 0.234)
�% (s.e.) fH1, H2, H3g 0.238 0.221 (0.0116) 0.221 (0.0109)
95% CI=CrI (0.218, 0.259) (0.198, 0.244) (0.199, 0.242)

(b) Different Cluster Means, Homogeneous, Small Sample

�% (s.e.) fH3g 0.214 0.212 (0.0412) 0.212 (0.0452)
95% CI=CrI (0.155, 0.287) (0.131, 0.294) (0.123, 0.302)
�% (s.e.) fH2, H3g 0.198 0.197 (0.0270) 0.198 (0.0282)
95% CI=CrI (0.156, 0.247) (0.146, 0.249) (0.143, 0.256)
�% (s.e.) fH1, H2, H3g 0.244 0.232 (0.0177) 0.230 (0.0190)
95% CI=CrI (0.214, 0.276) (0.197, 0.267) (0.193, 0.266)

(c) Same Cluster Means, Heterogeneous, Large Sample

�% (s.e.) fH3g 0.180 0.173 (0.0202) 0.173 (0.0162)
95% CI=CrI (0.147, 218) (0.132, 0.213) (0.141, 0.205)
�% (s.e.) fH2, H3g 0.186 0.176 (0.0141) 0.176 (0.0123)
95% CI=CrI (0.159, 0.216) (0.148, 0.204) (0.151, 0.200)
�% (s.e.) fH1, H2, H3g 0.192 0.182 (0.0091) 0.181 (0.0084)
95% CI=CrI (0.174, 0.211) (0.164, 0.200) (0.165, 0.198)

(d) Same Cluster Means, Homogeneous, Small Sample

�% (s.e.) fH3g 0.214 0.212 (0.0445) 0.212 (0.0452)
95% CI=CrI (0.155, 0.287) (0.125, 0.299) (0.130, 0.302)
�% (s.e.) fH2, H3g 0.220 0.218 (0.0286) 0.218 (0.0295)
95% CI=CrI (0.177, 0.271) (0.162, 0.273) (0.160, 0.276)
�% (s.e.) fH1, H2, H3g 0.218 0.216 (0.0167) 0.216 (0.0178)
95% CI=CrI (0.190, 0.249) (0.183, 0.249) (0.181, 0.251)

The hyperprior for ai is Unif.1, 10/ and the estimate of the overall mean response using only H3 is determined through a Dirichlet
process meta-analysis with common power.

In the FDA draft guidance document [14], only data from H3
were included in the computation of the treatment response of
antibacterials, because the studies in this group appear to have
similar patient demographic characteristics and clinical disease
severity scores. The DerSimonian–Laird random effects estimate
of ACM is reported as 20.2% with a 95% CI of 18.0% to 22.8%
(Table V). Using the DP meta-analysis on H3 with a common
power, the ACM rate is 19.6% with a 95% CrI of 17.2% to 21.9%,
which is similar to the rate that would be obtained using the
power prior approach in the sense of Ibrahim and Chen [29],
which yields an ACM rate of 19.5% Œ95% CrI : .17.0%, 22.1%/	
(Table V). Using the DP meta-analysis on H3 without power prior,
the ACM rate is 19.6% Œ95% CrI : .17.8%, 21.3%/	 (Table V). These
rates are summarized in Table V. Note that the width of the 95%CI
for the power adjusted DP meta-analytic methods are similar to
the width of the 95%CI in the DerSimonian–Laird method, but
the point estimates are shifted. The width of the 95%CI for the DP
meta-analysis without power adjustment is the narrowest among
all methods. The point estimate, however, is similar among all
power adjusted DP meta-analysis methods.

Model fit is assessed through the conditional predictive ordi-
nate (CPO) [50] because it is the only meaningful diagnostic for

random probability measures like the DP. The CPO is defined as

CPOi D p
�
NXH

i j
NX

H
�i

�
D E�

h
p
�
NXH

i j�
�
j NX

H
�i

�i
(31)

where NX
H
�i denotes the observation vector NX

H
with the ith obser-

vation deleted, p.�j NX
H
�i/ is the predictive distribution of the new

observation given NX
H
�i , � denotes all the parameters in the model,

and the expectation is taken with respect to the posterior distri-

bution of � conditional on NX
H
�i . A Monte Carlo estimate of the

CPOi is provided by the harmonic mean of the likelihood for NXH
i .

Specifically, for M MCMC iterations, the CPOi is the reciprocal of
the posterior mean of the inverse likelihood of NXH

i given by

CPOi D
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�
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�	 (32)

which is summarized as the logarithm of the pseudo-marginal
likelihood (LPML) because

LPMLD
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iD1

log p
�
NXH
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NX
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�i

�
D

kX
iD1

log CPOi . (33)

The LPML values are given for each model in Tables V and VI. Note
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Table II. Estimate of the mean powers used in the likelihood to obtain the Order
Restricted Dirichlet Meta-analysis (ORDM) estimates of the overall mean response from
fH3g, fH2, H3g, and fH1, H2, H3g shown in Table I.

ORDM

Dir.1, : : : , 1; 1/ Dir.a1, : : : , as; asC1/

Clusters
Utilized �1 �2 �3 �1 �2 �3

(a) Different Cluster Means, Heterogeneous, Large Sample

fH3g 0.328 - - 0.410 - -
fH2, H3g 0.122 0.326 - 0.129 0.420 -
fH1, H2, H3g 0.135 0.182 0.411 0.147 0.207 0.502

(b) Different Cluster Means, Homogeneous, Small Sample

fH3g 0.746 - - 0.593 - -
fH2, H3g 0.665 0.868 - 0.543 0.808 -
fH1, H2, H3g 0.713 0.827 0.923 0.593 0.758 0.889

(c) Same Cluster Means, Heterogeneous, Large Sample

fH3g 0.342 - - 0.420 - -
fH2, H3g 0.178 0.414 - 0.209 0.493 -
fH1, H2, H3g 0.183 0.269 0.472 0.194 0.320 0.571

(d) Same Cluster Means, Homogeneous, Small Sample

fH3g 0.743 - - 0.596 - -
fH2, H3g 0.659 0.865 - 0.542 0.810 -
fH1, H2, H3g 0.756 0.853 0.9934 0.630 0.781 0.899

Table III. Non-randomized clinical studies involving inadequate, delayed, or inappropriate therapies in hospitalized patients with
nosocomial pneumonia used to estimate the all-cause mortality rate.

Inappropriate Appropriate
Number of treatment treatment

patients with group for all- group for all- Reporting period
Study/first nosocomial cause mortality cause mortality for all-cause

# author pneumonia (%VAP) n=N (%) n=N (%) mortality

H1-1 Alvarez-Lerma 430 (not reported) 51/146 (35%/ 92/284 (32%) 72 h after ICU discharge
H1-2 Celis 118 (71%) 11/12 (92%) 33/108 (31%) Not reported
H1-3 Iregui 107 (100%) 23/33 (70%) 21/74 (28%) During hospitalization
H1-4 Kollef 130 (100%) 31/51 (61%) 17/51 (33%) Not reported
H1-5 Leone 115 (100%) 7/15 (47%) 20/100(20%) Not reported
H1-6 Leroy 132 (100%) 16/26 (62%) 42/106 (40%) Death at ICU discharge
H1-7 Luna 2006 76 (100%) 33/52 (64%) 7/24 (29%) 28-days after VAP onset
H1-8 Luna 2003 63 (100%) 9/13 (69%) 23/50 (46%) 28-days during hospitalization
H1-9 Luna 1997 65 (100%) 40/49 (82%) 6/16 (38%) During hospitalization
H1-10 Rello 121 (100%) 5/11 (45%) 34/110 (31%) Not reported
H1-11 Smith 85 (not reported) 5/8 (62%) 37/77 (48%) Not reported
H1-12 Stevens 75 (not reported) 20/34 (59%) 33/41 (80%) Not reported
H1-13 Teixeira 151 (100%) 35/69 (51%) 24/82 (29%) 28-days after VAP onset
H1-14 Torres 78 (100%) 14/27 (52%) 12/51 (23%) Not reported

Adopted from US FDA Guidance.

that the DP with common power has a higher LPML than the DP
with individual power prior because more uncertainty is intro-
duced in the latter. This is the same reason that the unadjusted
DP meta-analysis has a better LPML value than either of the power
adjusted ones.

The rationale for the choice of the studies in H3 is only based
on what was the reported inclusion/exclusion in the individual

manuscripts from which the summary data were obtained. Source
data verification was impossible to perform because most these
data do not come from contemporary trials, thereby, making the
decision of whether to include or exclude a study tenuous. We
believe, however, that many of the studies that were left out of
H3 can still be used despite the concern that their data may be
biased or have unequal distributions of unmeasured prognostic3

4
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Table IV. Prospective, controlled clinical trials in nosocomial pneumonia used to estimate the treatment effect of a control
antibacterial drug.

Number of
patients with Treatment Treatment
nosocomial group	 1 for all- group	 2 for all-

Study/first pneumonia cause mortality cause mortality Reporting period for
# author (% VAP) n=N (%) n=N (%) all-cause mortality

H2-1 Brun-Buisson 197 (64.5%) P/T/A 18/98 (18%) Cef/A 22/99 (22%) 28-days post-randomization
H2-2 Joshi 437 (69.1%) P/T/To 23/222 (10%) Imi/To 17/215 (8%) Not reported
H2-3 Schmitt 217 (23.5%) P/T 17/107 (16%) Imi 11/110 (10%) Not reported

H3-1 Alvarez-Lerma 124 (85.5%) P/T/A 27/88 (31%) Cef/A 8/36 (22%) Not reported
H3-2 Fink 402 (75.6%) Imi 38/200 (19%) Cip 43/202 (21%) 30 days after completion of therapy
H3-3 West 438 (10.1%) Imi/Cip 32/218 (15%) Lev/Lev PO 38/220 (17%) 28-32 days after completion of therapy
H3-4 Rubinstein 396 (57.7%) Lin/Az 36/203 (18%) Van/Az 49/193 (25%) 12-28 days after completion of therapy
H3-5 Wunderink 623 (50.6%) Lin/Az 64/321 (20%) Van/Az 61/302 (20%) 15-21 days after completion of therapy

Adopted from the US FDA Guidance.

Table V. Estimated all-cause mortality response through different meta-analysis methods
using data from H3 only.

DP Meta with

DerSimonian
& Laird Common Power Individual Power DP Meta

�% (s.e.) 20.2 19.6 (0.0123) 19.5 (0.0133) 19.6 (0.0090)
95% CI=CrI (18.0, 22.8) (17.2, 21.9) (17.0, 22.1) (17.8, 21.3)
LPML � 104.6614 103.3520 105.0531

Power prior for Dirichlet process (DP) Meta-analysis with Common Power is Beta.1, 1/ while the
power priors for DP Meta-analysis with Individual Power are all Beta.1, 1/.
LPML, logarithm of the pseudo-marginal likelihood.

Table VI. Results of different meta-analysis methods using data from H2 and H3 and H1, H2,
and H3.

ORDM

DerSimonian
& Laird Dir.1, : : : , 1; 1/ Dir.a1, : : : , as; asC1/ DP Meta

Using H2 and H3

�% (s.e.) 17.8 18.2 (0.0136) 18.3 (0.0128) 16.2 (0.0091)
95% CI=CrI (15.3, 20.7) (17.2, 21.9) (17.0, 22.1) (17.8, 21.3)
LPML � 164.8004 165.6219 167.0689

Using H1, H2, and H3

�% (s.e.) 24.6 19.0 (0.0120) 18.9 (0.0120) 20.0 (0.0061)
95% CI=CrI (20.8, 28.7) (16.5, 21.3) (16.5, 21.3) (18.8, 21.2)
LPML � 285.3002 289.1825 292.1424

The hyperprior for ai is Unif.1, 10/.
ORDM, Order Restricted Dirichlet Meta-analysis; LPML, logarithm of the pseudo-marginal likeli-
hood.

factors. The direction of these biases are unknown because the
true ACM rate of antibacterials is not known. So it is plausible
that if there were many studies conducted over time, the bias on

the overall treatment response may tend to be negligible. Other-
wise, these data can be down-weighted in such a way that the
information they contribute is always less than the data in H3
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and, consequently, the bias they may potentially introduce is con-
trolled. For example, when the contribution of the data from H2
is restricted such that 0 < �2 < �3 < 1 in (11), then the ORDM
with ‘spacings’ coming from Dir.1, 1; 1/ yields an ACM rate of
18.2% Œ95% CrI : .15.4%, 20.7%/	 (Table VI) with �2 D 0.1485 and
�3 D 0.5773; and when the ‘spacings’ come from Dir.a1, a2; a3/,
where ai � Unif.1, 10/, iD 1, 2, 3, the ACM rate is 18.3% Œ95% CrI :
.15.7%, 20.7%/	 (Table VI) with �2 D 0.1608 and �3 D 0.5845.
Although the values obtained for �2 and �3 are not equal, the
results are robust and insensitive to the choice of power priors.
On the other hand, if H2 is not down-weighted, the DP meta-
analysis results in an ACM rate of 16.3% Œ95% CrI : .14.8%, 17.8%/	
while the traditional DerSimonian–Laird estimate (including H2
and H3) is 17.8% Œ95% CI : .15.3%, 20.7%/	 (Table VI). The LPML
value, on the other hand, shows that ORDM with ‘spacings’ on
Dir.a1, a2; a3/ has better fit than the ORDM with ‘spacings’ com-
ing from Dir.1, 1; 1/. This is because the former has a hierarchi-
cal structure on the power than the latter. However, the models
do not seem to be appreciably different. See complete results in
Table VI.

We now consider including all the relevant studies in H1,
H2, and H3 by using the restriction that 0 < �1 < �2 <

�3 < 1. As noted earlier, there is considerable heterogene-
ity in all these studies as indicated by the Q statistic. Using
the ORDM with ‘spacings’ coming from Dir.1, 1, 1; 1/, the ACM
rate is 19.0% Œ95% CI : .16.5%, 21.3%/	 (Table VI) with �1 D

0.0682, �2 D 0.1492, and �3 D 0.6167; while drawing ‘spac-
ings’ from Dir.a1, a2, a3; a4/, ai � Unif.1, 10/, i D 1, 2, 3, 4, the
ACM rate is 18.9% Œ95% CI : .16.5%, 21.3%/	 (Table VI) with �1 D

0.0709, �2 D 0.1741, and �3 D 0.5997. These results show that
regardless of the choice of priors for the �i ’s, the result of the
ORDM is robust. On the other hand, when H1 and H2 are not
down-weighted, the DP meta-analysis results in an ACM rate of
20.0% Œ95% CI : .18.8%, 21.2%/	while the DerSimonian–Laird esti-
mate is 24.6% Œ95% CI : .20.8%, 28.7%/	. These results suggest
that when there is considerable heterogeneity among studies, all
the DP meta-analytic approaches yield narrower CrIs than their
DerSimonian–Laird counterpart. They are also robust against
the effects of extreme observations. The ORDM yields consis-
tent point estimates and CrIs that are intermediate to either the
unadjusted DP meta-analysis or the DerSimonian–Laird method.

5.3. Example 2: Non-inferiority margin and an application of
Bayesian inference for trials in HABP/VABP
drug development

From the previous example, the likely rate of ACM for patients
with HABP/VABP receiving active therapy using ORDM is 19% with
a 95% CI of 17% to 21% (Table VI). Following a similar meta-
analytic approach, the ACM in patients that were given inade-
quate or inappropriate therapy is 59% with a 95% CI of 51% to
67%. This is obtained by up-weighting two studies, H1–4 Kollef
and H1–5 Luna in H1, which have similar patient demographic
characteristics and clinical disease severity patterns as the five
studies considered in H3, while down-weighting the other 12
studies in H1, which have populations deemed different although
not verified. Using the formula outlined in the guidance, the his-
torical evidence of sensitivity to drug effect or M1, for a negative
outcome like ACM, is the difference of the lower limit of the 95%
CI for the response in patients treated with adequate and appro-
priate antibacterial therapy and the upper limit of the response

in the patients who were administered either inadequate or inap-
propriate therapy. This gives an MB1

1 of 30%D 51%� 21%, which
means that there is sufficient antibacterial effect on ACM such
that a NI margin of 10% can be duly justified. In fact, a 10% margin
preserves at least 67% of MB1

1 given that the treatment response
of inadequate and inappropriate therapy was used for placebo.
Alternatively, an across-studies distribution of the difference in
ACM rate can be calculated by sampling through the posterior
distributions of each treatment. This yields a mean difference of
40% with a 95% CI of 32% to 49%. Conservatively, MB2

1 can be
chosen to be 32%, which still implies that a 10% margin can be
adequately justified and preserves 69% of MB2

1 .
Had the estimation used the DerSimonian–Laird method, the

ACM in patients that were given inadequate or inappropriate
therapy would have been 60% with a 95% CI of 49% to 69%.
Because the ACM in patients with adequate and appropriate
therapy using the DerSimonian–Laird method is 25% Œ95% CI :
.21%, 29%/	 (Table VI), the historical evidence of sensitivity to
drug effect would have been MF

1 D 49%� 29%D 20%. Although
a NI margin of 10% can still be justified, this would only preserve
half of MF

1. Note that using the frequentist method to estimate
M1 requires careful selection of studies to make sure that hetero-
geneity is controlled. Otherwise, there will be situations when a NI
margin cannot be justified only because the variances are large.

Suppose two, identical non-inferiority trials are conducted
for an antibacterial product AbX against an active comparator,
Vancomycin (Van), in the treatment of HABP/VABP with a pre-
specified NI margin of 10%. The event rates at the end of the
trials with respect to the ACM endpoint are presented in Table VII.
The distribution of the treatment responses for AbX in Study 1
can be approximated by xE,i � N.0.225, 0.174/, where 0.174 D
0.225.1 � 0.225/, while the treatment responses for Van can be
approximated by, xC,i � N.0.179, 0.147/. Note that the historical
ACM rate of Van can be obtained using ORDM with data from H3–
4 and H3–5 in Table IV. This yields an ACM rate of 22.0% with a
95% CrI of 15.4% to 29.2% and � D 0.539. Its distribution can be
approximated by N.0.220, 0.03482/, where 0.0348 is the standard
error, so that ��C D 0.220 and ��2

C D 0.03482. This distribution
will serve as an informative prior for Van’s ACM rate in the current
trial, which after few computations, yields a posterior distribution
N.0.189, 0.01702/, that is, Q�C D 0.189 and Q�2

C D 0.01702. As for
AbX, we will use a non-informative prior because the ACM rate
was not evaluated in its Phase 2 trials. Moreover, Phase 2 trials
are small, and observing events like death may be rare. With this
non-informative prior, the posterior distribution of the treatment
responses in AbX is N.0.225, 0.02092/, that is, Q�E D 0.225 and
Q�2

C D 0.02092, and, consequently, the posterior distribution of
�E � �C is N.0.036, 0.02692/. Hence, the difference in ACM rate
is 3.6% with a 95% CrI of �1.7% to 8.9% . Because the lower limit
of the CrI is less than 10%, AbX is deemed non-inferior to Van-
comycin in Study 1. Note that the critical region is flipped to the
positive side here because mortality is a negative outcome and a
smaller mortality rate is desirable. Table VIII shows the posterior
probability of different effect sizes � D .1 � �/MB

1 and compares
Bayesian and frequentist decisions.

Following a similar computational method outlined in Study
1, one will arrive at a result that the posterior distribution of
.�E��C/ has mean�2.5% and a 95% CrI of�8.2% to 3.1%. Again,
because the lower limit of the 95% CrI is less than 10%, AbX is
deemed non-inferior to Vancomycin in Study 2. This result can
also be seen in Table VII. The table also shows the results when
the prior distribution of�C is obtained from the DP meta-analysis3
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Table VII. Comparison between traditional frequentist and Bayesian decision criterion.

Study 1 Study 2

AbX Van AbX Van

All-cause mortality 90=400 70=390 65=350 75=370
Observed proportion (%) 22.5 17.9 18.6 20.3
Difference 4.6% �1.7%
95% confidence int (-1.2, 10.3) (-7.7, 4.3)
Decision Accept H0 Reject H0

Posterior mean1 22.5% 18.9% 18.6% 21.1%
Difference 3.6% �2.5%
95% CrI (-1.7, 8.9) (-8.2, 3.1)
Decision Reject H0 Reject H0

Posterior mean2 22.5% 20.1% 18.6% 21.5%
Difference 2.4% �2.9%
95% CrI (-2.4, 7.3) (-8.1, 2.2)
Decision Reject H0 Reject H0

(1) The posterior mean of �C has prior based on Order Restricted Dirichlet Meta-analysis
from H3-4 and H3-5 (Table II). (2) The posterior mean of �C has prior based on Dirichlet
process from H3-4 and H3-5 (Table II) without power adjustment.

Table VIII. Comparison between frequentist and Bayesian decision criterion for a level
of treatment effect � D .1� �/MB

1, MB
1 D 32%.

Study 1 Study 2

Decision Bayesian Decision

Bayesian
� Post Prob Bayesian frequentist Post Prob Bayesian frequentist

0.50 1.000 1 1 1.000 1 1
0.60 1.000 1 1 1.000 1 1
0.70 0.987 1 0 1.000 1 1
0.80 0.852 0 0 0.999 1 1
0.90 0.443 0 0 0.975 1 0
1.00 0.091 0 0 0.784 0 0

Under the Decision column, ‘0’ means accept while ‘1’ means reject the null hypothe-
sis. The Bayesian posterior probability that the effect is less than or equal to t is also
given, where the priors ��C and ��C D 0.0348 are based on the Order Restricted Dirichlet
Meta-analysis estimate of ��C .

without power adjustment to down-weight historical data. In this
case, the posterior mean of�C in Study 1 is 20.1%, which is greater
than that obtained when the prior distribution of �C is from
the ORDM. This is because the prior information in the former
has a smaller variance, a scenario that happens when the whole
effect of historical data is carried over as if both the data from
the current trial and from the historical trials are exchangeable;
that is, variables in the datasets are swapped around or reordered
without changing their joint distribution.

5.4. Example 3

A randomized, double-blind, non-inferiority trial is planned for
a new antibacterial drug E against a standard comparator C for
the treatment of HABP/VABP. The investigators believe that the

ACM rate for both drugs is �E D �C D 0.15 because, although
this endpoint was not studied in early phase trials, other mea-
sures such as PK/PD target attainment, fraction of inspired oxy-
gen (PaO2/FiO2 ratio), and other non-mortality clinical endpoints
evaluated showed similar activity between the two drugs. Using
the frequentist method for sample-size estimation, the sample
size required to achieve 90% power is 268 per arm for a total of
536 patients. Assuming 35% micro-evaluability rate, the propor-
tion of randomized patients with documented positive culture,
the trial must accrue a total of 1532 patients upfront. However,
the investigators also know that the ACM rate of drug C from
the meta-analysis of trials is about 15% with a standard error
of 0.05359. Using the conditional Bayesian formula, the sample
size needed to achieve the same power is only 134 per arm for
a total of 268 patients in the two treatment arms. Assuming the
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Table IX. Comparison between frequentist (NP), conditional Bayes (CB), and uncondi-
tional Bayes (UB) estimate of sample size where
D 0.10, ��E�C D �

ı
E�C D 0 , �E D �C ,

˛ D 0.05 and ˇ D 0.1.

nNP nCB nUB

�C D �E ��E�C nC D nE nC D nE=2 nC D nE nC D nE=2 nC D nE nC D nE=2

0.15 0.07145 268 201 196 146 13176 9882
0.15 0.06252 268 201 173 130 2142 1606
0.15 0.05359 268 201 134 101 697 523
0.20 0.07145 337 253 246 185 16535 12401
0.20 0.06252 337 253 216 162 2687 2015
0.20 0.05359 337 253 167 126 874 656

same micro-evaluability rate, the trial must enroll 766 patients,
a reduction of about half the patients. To give these numbers
meaning in terms of the length of time it takes to complete a
contemporary clinical trial in this indication, it is important to
note that the most recent prospective, double-blind, controlled,
multi-center trial involving hospitalized adult patients with
hospital-acquired or healthcare-associated methicillin-resistant
Staphylococcus aureus pneumonia with about 1200 patients took
5.5 years to finish [51].

Table IX shows the comparison between frequentist (NP), con-
ditional Bayesian, and unconditional Bayesian estimates of the
required sample size to achieve 90% power. Note here that as the
standard deviation of the prior becomes smaller, the sample size
required also becomes smaller. However, as the prior becomes
weaker in the sense that the prior variance is large, there is a
possibility that the conditional Bayesian estimate for the sample
size will be larger than the frequentist estimate. The same rea-
son explains the discrepancy between the unconditional and the
conditional estimates of the sample size. The table also shows
the sample size required for unequal randomization schemes.
In this table, there is no advantage for sample-size reduction
in the control arm as the prior is based on the distribution of
difference in means and not on the distribution of treatment
specific means.

6. DISCUSSION

The proper use of meta-analysis is to increase the precision of
quantitative estimates of health states in populations, but it must
be directly applied only to a target population when the ‘meta-
protocol’ and ‘metapopulation’ match the target situation in all
relevant particulars [52]. These constraints are rarely satisfied in
practice, and oftentimes, the concepts of precision and matching
are incongruent. No two protocols are alike despite the best inter-
ests to match them, and one has to sacrifice matching if precision
needs to be boosted and vice versa. The meta-analytic technique
ORDM tries to bridge these criteria, because, although meta-
analysis of randomized trials constitutes, the best form of evi-
dence regarding therapeutic effectiveness [53], precision of the
estimate by using more sources of data, is an equally important
attribute as well.

In the ORDM technique, matching is accomplished using the
concept of power priors [29], which adjusts the likelihood func-
tion by a suitable power 0 � �i � 1. This parameter reflects how
much historical data are available or how much historical infor-
mation can be used in the current study or in the meta-analysis in

a manner that is completely determined by the data themselves.
However, power priors alone cannot capture all of the difference
between historical data from double-masked randomized trial
and open-label randomized trials, and even if the patient popu-
lations are still similar, the trials may have design differences that
impact the reliability of the corresponding results. Restricting the
priors to account for data reliability is a potential fix so that data
from less reliable sources will never dominate in the estimation
process. This is accomplished by a reasonably clever assignment
of weights based on partitions of a unit length. In Example 1, for
instance, the likelihood information from H3 is discounted about
a third of its full weight, while H2 and H1 are discounted at 85%
and 93% of their weight, respectively. Hence, information from H1
and H2 does not dominate in the estimation process, and this
restriction is always preserved in the chain of MCMC updates.
As a result, the ordered restrictions makes it possible to include
more types of data without abusing meta-analysis principles
instead of throwing away data based on the process of qualitative
judgment alone.

The ORDM technique achieves precision through the use of
both the DP and power priors. The DP offers more flexibility on the
general shape or variation of the random effects in a semipara-
metric way because the posterior distribution will always be a DP.
And although the posterior is almost surely discrete, it does not
pose an obstacle to good convergence properties. In fact, its tail
is as narrow as the base distribution [54] and consequently, the
CI. On the other hand, the use of power priors also affects preci-
sion of the estimate in two aspects. First, it controls the heaviness
of the tails of the prior for the parameter � , that is, as �i becomes
smaller, the prior variance for � becomes larger. Second, by using
ordered restrictions, more data can be used in the analysis. In
Example 1, for instance, all the data from H1, H2, and H3 were
used, and the estimate of the overall treatment response is con-
sistent with other methods using different combinations of data,
thereby boosting the reliability and validity of this estimate. This
technique, however, must not be used blindly. As with the con-
cept of power priors, it can only be applied to data from previous
similar studies.

Unlike the frequentist approach, which does not discount the
dissimilarity among historical data, the historical evidence of sen-
sitivity to antibacterial effect MB

1, obtained through the ORDM
estimates of the effect of adequate and appropriate antibacte-
rial therapy against inadequate and inappropriate therapy, has
been discounted and represents the best common, that is, ‘par-
tially’ exchangeable, information among all historical studies. It
also implies ‘partial’ exchangeability in the NI because data from3
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historical studies are used in an adaptive, ‘partially’ exchange-
able, way to the present trial and not that the present trial rig-
orously matches historical conditions. Note that setting a fixed
margin based on historical evidence does not guarantee con-
stancy between the current non-inferiority trial and the studies
from which the historical evidence arises, regardless of whether a
frequentist or Bayesian analysis, is used.

The posterior distribution of the effect of the antibacterial ther-
apy, or the active comparator, also reflects ‘partial’ exchangeabil-
ity and is a suitable informative prior in the Bayesian decision
criterion. It provides information about a parameter or treatment
response in a way that does not dominate the information in
the current trial and as a result minimizes the bias toward the
Bayesian decision. Moreover, this informative prior for the active
comparator is a useful link between the historical trials involving
the active comparator and the current trial. On the other hand,
informative normal-inverted-gamma priors can be coupled with
the results for the experimental drug. This prior can come from
data in early phase clinical trials, for example, results of PK-PD
analyses derived from pharmacometric tools and other trials in
patients; acknowledging that these are critical to the understand-
ing that antibacterial agents entering late-stage clinical develop-
ment have been effectively pre-screened and, thus, have a high
potential to be efficacious, assuming that appropriate dose reg-
imens are selected for clinical study. Lastly, instead of indepen-
dent priors for �E and �C , one can also consider a prior from the
available data (e.g., Phase 2 trials) and/or expert opinion for the
difference �E ��C if it can be elicited and adequately justified.

The proposed approach of incorporating prior information in
the sample-size calculations for NI trials through the specifica-
tion of priors can result in significant reductions in sample size,
making the trial more viable, as was illustrated in Example 3. This,
however, involves pre-specification of and agreement (in the reg-
ulatory setting) on both the prior information and the model. It
is important to seek out all relevant studies so that a reliable esti-
mate of the treatment effect, the margin, and an appropriate prior
can be determined. This must incorporate the limitations of the
studies and sensitivity analyses to help explain the uncertainty of
the resulting estimates.

Situations where results for the active comparator in the non-
inferiority study are inconsistent with the historical results (mean
and/or variance) warrant more scrutiny, regardless of the analysis
method used. It is important to investigate the potential sources
of inconsistency, for example, non-adherence to study medica-
tion, differences in medical practice, mis-classification of the pri-
mary endpoint, drop-outs or other sources of missing data, and
so on. These protocol violations can bias the results toward the
null hypothesis of no treatment difference and undermine the
validity of a non-inferiority trial. There may also be operational
bias present in a non-inferiority trial that is not captured by mere
statistical error. In fact, the Type I error probability cannot possi-
bly measure the statistical risk associated with any inference in
the absence of a placebo arm. Neither Bayesian nor frequentist
approaches are able to sufficiently address this problem. It may
be useful to compare the results from a Bayesian and frequentist
analysis and, if conclusions are inconsistent, perform additional
sensitivity analyses to better understand the observed treatment
effect from the study.

In summary, we presented here the Bayesian paradigm as an
innovative way of designing and analyzing non-inferiority trials
for anti-infective drug products. We described an ORDM approach
to conduct random effects meta-analysis through the use of DP

priors. This technique assesses evidence of statistical heterogene-
ity or variation in the underlying effects across studies while
relaxing the distributional assumptions and then applies order
restricted priors to combine different types of historical informa-
tion, allowing for dependence of priors while discounting them.
The results of this meta-analysis were used to obtain the NI
that has been discounted and represents a reasonable approach
to incorporating common information from all available histori-
cal studies deemed of sufficient quality. The results also reflect
‘partial’ exchangeability and provide a suitable informative prior.
We also presented a Bayesian decision rule that parallels the fre-
quentist decision process but incorporates prior information for
both the active and experimental arms as a means to obtain
precise estimates of the treatment effect (i.e., difference in treat-
ment response). This rule often results in the same decision as the
frequentist approach but is more powerful in ‘boundary’ cases
where the lower bound (or upper bound in the case of a nega-
tive outcome) of the 95% CI of the true treatment effect is close
to the NI margin. Using this Bayesian decision rule, sample sizes
were also derived for trial designs.
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