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A Bayesian Approach for Benefit-Risk
Assessment

Yueqin ZHAO, Jyoti ZALKIKAR, Ram C. TIWARI, and Lisa M. LAVANGE

An important aspect of the drug evaluation process
is to have an integrated benefit-risk assessment to
determine, using some quantitative measures, whether
the benefit outweighs the risk for the target population.
Chuang-Stein et al. proposed a five-category random
variable along with three global measures of benefit-risk
assessment. Assuming the cell probabilities follow
a multinomial distribution, we propose a Bayesian
approach for the longitudinal assessment of benefit-risk
using these three global measures and a new measure.
A Dirichlet distribution is used as the natural conjugate
prior for multinomial cell probabilities, and the posterior
distributions of cell-probabilities are recursively derived
as the data from multiple visits become available. In a
more generalized approach, a power prior is used through
the likelihood function to discount the information from
previous visits, and, again, the posterior distributions
of the cell-probabilities at multiple visits are derived.
The estimates of the posterior means and credible
intervals for the four global measures are derived, and
the decision rules based on the credible intervals are
applied for the assessment of the four global measures.
Using two simulated datasets generated under two
different scenarios—one where benefit outweighs risk
and the other where benefit does not outweigh risk—the
performances of the four measures are evaluated using
a Markov chain Monte Carlo (MCMC) technique. We
illustrate of the methodology using clinical trial data.

Key Words: Dirichlet distribution; Global measures; MCMC
technique; Power prior.

1. Introduction

In clinical trials, drugs are given to cure or control
an existing disease or symptom. Along with the benefit
that drugs contribute, there is always the chance of in-
jury or harm. The benefit-risk assessment is the basis of
regulatory decisions in the premarket and postmarket re-
view process. This assessment usually takes into account
extensive evidence of both safety and effectiveness from
clinical trials of the drugs, and involves both quantita-
tive analyses and subjective qualitative weighing of the
evidence (FDA 2013).

Simultaneous evaluation of benefit and risk, however,
faces several challenges. First, benefit and risk are usually
measured on different scales. For example, in a clinical
trial of pain relief medication, the benefit can be measured
by the percentage of patients with pain relief, while the
risk can come in different forms, such as the incidence
of serious adverse events of gastrointestinal or cardio-
vascular disease, breathing difficulty, etc. Second, patient
withdrawals in clinical trials are not rare. There are many
reasons for withdrawals, such as loss of contact, no obvi-
ous benefit or presence of side effects. How to take care of
missing data is worth careful consideration. Third, ben-
efit and harm may not be independent. In many cases,
a drug with greater efficacy may also cause more harm
to patients. This again reminds us that benefit and risk
should be considered in an integrated way. Finally, the
tradeoff of benefit and risk may change over the course
of a trial. For example, in the beginning stage of a trial,
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patients may be observed with more benefit, and then
as the trial progresses, they may start experiencing side
effects or serious adverse events. For this reason, the as-
sociation of benefit and risk should be evaluated in a
longitudinal fashion.

Various measures have been proposed to assess ben-
efit and risk simultaneously. Gelbert et al. suggested
using quality adjusted time without symptoms of disease
and toxicity (Q-TWiST) with utility threshold analysis
(Gelber, Gelman, and Goldhirsch 1989); Payne proposed
summarizing benefit-risk at a population level by using
the ratio of benefit and risk (Payne and Loken 1975);
Holden et al. proposed the use of the adjusted number
needed to treat (NNT) relative to the number needed to
harm (NNH) ratio for benefit-risk assessment (Holden,
Juhaeri, and Dai 2003). Chuang-Stein, Mohberg, and
Sinkula (1991) proposed a five-category multinomial ran-
dom variable to capture the benefit and risk of a drug
product on each individual simultaneously and recom-
mended weighted linear ratio, or composite ratio scores,
which are called global benefit-risk (GBR) scores. In-
stead of discounting benefit by risk on the same scale as
the Q-TWiST measure, Chuang-Stein (1994) proposed
a benefit-less-risk measure by first assessing benefit and
risk with entirely different scales and then bringing them
together using a weighting process. For a comprehensive
review of these measures, see Chuang-Stein (2008).

Among all the measures, GBR scores are easy to im-
plement as long as the benefit-risk categories and their
relative importance to the target population can be de-
fined. They have been applied to studies for antidepres-
sant drugs (Entsuah and Gorman 2002; Wisniewski et al.
2009). Pritchett evaluated the robustness and definitions
of “benefit” and “risk,” and made suggestions on selected
prespecified weights (Pritchett and Tamura 2008). Nor-
ton developed a longitudinal visualization technique to
see the benefit and risk over the course of a clinical trial
(Pritchett and Tamura 2008). However, when the lon-
gitudinal data are available from multiple visits, these
methods can only measure the benefit-risk at each single
visit. For example, when clinical data from multiple visits
are available, current methods can estimate GBR scores,
their standard errors (using the delta method), and confi-
dence intervals for each single visit, but cannot systemat-
ically take into account the benefit-risk information from
previous visits. While timely evaluation is often crucial
for sponsors and regulatory agencies, there is a need to
explore robust quantitative methods for analysis of lon-
gitudinal clinical trial data for benefit-risk assessment.

Use of a Bayesian approach is a natural approach in
this setting as it updates the prior distribution to a pos-
terior distribution sequentially, as the data from multiple
visits become available. For this reason, we propose this
approach for the analysis of longitudinal data for benefit-

risk assessment using the GBR scores and a new measure.
The remainder of this article is organized as follows. In
Section 2, we first review the three GBR scores and then
propose a new measure. The Bayesian approach and its
generalization are introduced for longitudinal analysis of
clinical trial data for benefit-risk assessment using GBR
scores and the new measure that compare the treatment
and control probabilities within each category simultane-
ously. In Section 3, the proposed approaches are applied
to two simulated datasets for performance evaluation and
a clinical trial dataset for an illustration. The simulated
datasets are multinomially distributed and longitudinally
correlated. They are generated through a prescribed nor-
mal distribution and a predistorted correlation coefficient
matrix, and then transformed to multinomially distributed
data using sets of cutoff values. We conclude with a dis-
cussion in Section 4.

2. Methods

2.1 GBR Scores and a New Measure

In a longitudinal clinical trial set-up, suppose that
the data are available at time-points (visits) t = tm, m =
1, . . . , M, and that each subject’s outcome at each visit
falls into one of the five mutually exclusive and col-
lectively exhaustive categories, “benefit with no adverse
events (AEs),” “benefit with AEs,” “no benefit with no
AEs,” “no benefit with AE,” and “withdrawal” arranged
from the most to the least desirable, as listed in Table 1. In
clinical trials, patients may withdraw for many reasons.
Some may withdraw because of AEs, while others may
withdraw because of no benefit. In other cases, patients
may get cured and then withdraw, or patients may be lost
for contact. In this article, we will illustrate the methods
using clinical trial data for a pain relief drug, in which
case at least the majority of withdrawals are because of
AEs.

Denote the data at visit t = tm by nm =
(n1m, . . . , n5m). Assume that nm |p ∼ Mult(n·m, p),
m = 1, . . . , M, where p = (p1, . . . , p5), 0 < pi

< 1,
∑5

i=1 pi = 1, and n•m = ∑5
i=1 nim . Assume

there are two arms: treatment and control, and let

Table 1. Possible outcomes of a clinical trial with binary response
data

Benefit No benefit

No AE Category 1 Category 3
AE Category 2 Category 4
Withdrawal Category 5
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pd = (p1,d , . . . , p5,d ); d ∈ {T = Treatment, C =
Control}.

Chuang-Stein et al. (1991) defined a set of three global
benefit-risk (GBR) scores for a drug as

Linear Score =
2∑

i=1

wi pi,d −
5∑

i=3

wi pi,d

Ratio Score = (
∑2

i=1 wi pi,d )e∑5
i=3 wi pi,d

Cmp Ratio Score = w1 p1,d

w5 p5,d

(
w2 p2,d

w3 p3,d + w4 p4,d

) f

,

where wi > 0, i = 1, . . . , 5 are the prespecified weights.
Linear Score is a linear combination of the proba-

bilities of the five benefit-risk categories; Ratio Score is
based on the ratio of benefit and risk, with nonnegative
exponent “e” reflecting the relative importance of benefit
to risk; and Cmp Ratio Score is based on a composite
ratio of benefit and risk, where the exponent “f” is a non-
negative constant, and is used to give a different weight
to different benefit or risk categories.

The weights assigned to the five outcome categories
are nonnegative values. The weights can be chosen to
reflect the relative importance of the categories to a re-
searcher, clinician, patient, or care giver, when evaluating
a treatment. Because the acceptability of risk depends on
the achievable benefit as well as available treatments, the
weights can change with different diseases or symptoms.
In this article, we use w1 = 2, w2 = 1, w3 = 0, w4 =
1, w5 = 2 for illustration, considering “benefit with no
AEs” has a higher weight than “benefit with AEs” in
terms of benefit; and “withdrawal” has a higher weight
than “no benefit with AE” in terms of risk. In this article,
we will illustrate the methods using clinical trial data for
a pain relief drug, in which case at least the majority of
withdrawals are because of AEs. For this reason, we as-
sume “withdrawal” is worse than “no benefit with AE” in
terms of risk.

Based on the global scores, the benefit-risk (BR) dif-
ference between treatment and control can be measured
in the following ways:

BR Linear =
(

2∑
i=1

wi pi,T −
5∑

i=3

wi pi,T

)

−
(

2∑
i=1

wi pi,C −
5∑

i=3

wi pi,C

)

BR Ratio = log

⎛
⎜⎝
(∑2

i=1 wi pi,T

)e

∑5
i=3 wi pi,T

⎞
⎟⎠

− log

⎛
⎜⎝
(∑2

i=1 wi pi,C

)e

∑5
i=3 wi pi,C

⎞
⎟⎠

BR Cmp Ratio = log

(
w1 p1,T

w5 p5,T

(
w2 p2,T

w3 p3,T + w4 p4,T

) f
)

− log

(
w1 p1,C

w5 p5,C

(
w2 p2,C

w3 p3,C + w4 p4,C

) f
)

.

The BR measures at one single visit can be used to
measure the direction and magnitude of benefit-risk of
the treatment arm compared to the control arm. Note
that BR Linear measure ranges from −4 to 4. The
closer BR Linear is to 4, the higher is the benefit from
the treatment compared to the control arm; the closer
BR Linear is to −4, the higher is the risk from the
treatment compared to the control arm. To be consis-
tent with the methods used in Chuang-Stein (1994), for
BR Ratio and BR Cmp Ratio measures we use the dif-
ference of their log scaled scores for each arm. Both
BR Ratio and BR Cmp Ratio measures range from neg-
ative infinity to positive infinity. The closer BR Ratio
and BR Cmp Ratio are to positive infinity, the higher
is the benefit from the treatment compared to the con-
trol arm; the closer BR Ratio and BR Cmp Ratio are
to negative infinity, the higher is the risk from the
treatment compared to the control arm. The BR Linear
measure is straightforward and easy to interpret; how-
ever, that is not the case for the two ratio measures.
Here, we propose a new quantitative BR measure us-
ing a generalized indicator function for each category.
Let χ (a, b) = 1 if a > b; 0 if a = b; −1 if a < b.
Define

BR indicator = w1χ (p1,T , p1,C ) + w2χ (p2,T , p2,C )

−w3χ (p3,T , p3,C ) − w4χ (p4,T , p4,C )

−w5χ (p5,T , p5,C ).

The BR Indicator measure compares the probability
of treatment with that of the control in each category.
If the probability of treatment is larger than that that of
control in one category, χ (·) gives the value of 1 for that
category; if the probability of treatment is smaller than
that of control, χ (·) gives the value of −1, and 0 if the two
probabilities are equal. BR Indicator is a weighted linear
combination of the five generalized indicator functions,
and it reflects the relative benefit-risk of the treatment
compared to the control. Note that the BR Indicator can
only take on integer values between −6 and 6. The closer
BR Indicator is to 6, the higher is the benefit from the
treatment; the closer it is to −6, the higher is the risk from
the treatment, compared to the control. The weights here
are chosen by a researcher, clinician, patient, or caregiver,
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Figure 1. The frequency distributions of the simulated correlated ordinal datasets. Among the 134 patients in each arm, the length of each shaded
bar represents the number of patients in each of the five benefit-risk categories at every single visit. Scenario 1: Treatment benefit risk is balanced
compared to control (n = 134), Scenario 2: Treatment benefit outweighs risk compared to control (n = 134).

to reflect the relative importance of the five categories
simultaneously in the treatment and control arms.

2.2 Bayesian Approach

A natural conjugate prior for multinomial probabili-
ties p is the (singular) Dirichlet distribution (Carlin and
Louis 2008), with parameters α = (α1, . . . , α5), that is,
p ∼ D(α), where αi > 0, α = ∑5

i=1 αi < ∞. The prior
mean (i.e., the Bayes’ estimate corresponding to “no”
sample size) of p is p̂(0) = E(p) = α

α
. We may assume that

α1 = · · · = α5 = 1, so that p̂(0) = (1/5, . . . , 1/5). Note
that, [p|n1, . . . , nm] ∝ [p|n1, . . . , nm−1] ∗ [nm|p], m =
1, ...M,where [·|·] denotes the generic (conditional) dis-
tribution function. Here, we capture the information of the
dependence of nm on the previous visits (n1, . . . , nm−1)
through the updated prior (the first term) and not through
the conditional likelihood function (the second term) be-
cause of the assumption that nm ∼ Mult(n·m, p) with
n·m = ∑5

i=1 nim ; m = 1, . . . , M .
Therefore, the posterior distribution of p =

(p1, . . . , p5) given the entire data (nm ; m = 1, . . . , M),
is the same as the one obtained from updat-

ing the posterior sequentially after each visit.
That is, p|n1, n2, . . . , nM ∼ D(α + n•) where n• =
(n1•, . . . , n5•) and ni• = ∑M

m=1 nim ; i = 1, . . . , 5. The
posterior mean (i.e., the Bayes’ estimate based on
the entire data, nm ; m = 1, . . . , M) is given by p̂(M) =
E(p|n1, . . . , nM ) = α+n.

α+n••
, where n•• = ∑5

i=1 ni•. Also,
the expressions for the posterior variances and covari-
ances of p are given by

var(pi |nm, m = 1, . . . , M)

= (αi + ni•)((α + n••) − (αi + ni•))

(α + n••)2(α + n•• + 1)
,

cov(pi , pi ′ |nm, m

= 1, . . . , M) = − (αi + ni•)(αi ′ + ni ′•)

(α + n••)2(α + n•• + 1)
.

Assuming that pT and pC are independent and have
the common prior, pT ∼ D(α), pC ∼ D(α) the poste-
riors are also independent, pd |nd

1 , nd
2 , . . . , nd

M ∼ D(α +
nd

• ), d ∈ {T, C}. The samples from these posterior dis-
tributions can be drawn using a Markov chain Monte
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Table 2. The parameters for the underlying Gaussian distributed
latent variables

Mean Treatment Control

Scenario 1 (4, 3, 2, 1,0, −1,
−1.5, −2)

(4, 3, 2, 1,0, −1,
−1.5, −2)

Scenario 2 (4, 3.5, 3, 2.5,2,
1.5, 1, 0.1)

(2.7, 1.6, 0.5, 0,
−0.4 −1.4,
−1.9, −2.3)

Carlo (MCMC) technique, such as the Gibbs sampler. Let
{pl

d ; d ∈ {T, C}, l = 1, . . . , K } be K independent draws
from the posterior distributions, D(α + nd

• ), d ∈ {T, C}.
We can then obtain the histogram (empirical dis-

tribution) of the benefit-risk measures, and then derive
the estimates of their posterior means and credible in-
tervals. The decision rule for benefit risk assessment is
given by:

• if the credible intervals of BR measures include
the value 0, the benefit of the treatment does not
outweigh the risk

• if the lower bound of the credible intervals is greater
than 0, the benefit outweighs the risk; and

• if the upper bound of the credible intervals is less
than 0, the risk outweighs the benefit.

A power prior-based approach is used to discount the
information from the visits. The power prior, proposed
by Ibrahim and Chen (2000), is based on the idea of
raising the likelihood function of the previous visit(s) to
the power a0, where 0 ≤ a0 ≤ 1. If the value of a0 is 0,
no information from the previous visit(s) is used; if the
value of a0 is 1, the information from the previous visit(s)
is fully used. If the value of a0 is between 0 and 1, partial
information from the visits is used.

With data from visit 1 we have the (joint) posterior
probability of p as

[p|n1] ∝ [n1|p] ∗ [p],

where p ∼ D(α) is the initial prior distribution for p be-
fore the historical data are observed. We implement a
MCMC technique, and obtain the posterior distributions,
posterior means, posterior variances, and credible inter-
vals of p as well as the posterior means, posterior vari-
ances, and credible intervals of the four BR measures at
visit 1.

Let a0 ∼ Beta(1, 1) be a noninformative prior. By
using data from visit 2, we obtain

[p, a0|n1, n2] ∝ [n2|p] ∗ [n1|p]a0 ∗ [p] ∗ [a0].

By recursively updating the posterior distribution us-
ing the data from previous visits, at the last visit (visit

M), we get

[p, a0|n1, n2, . . . , nM ] ∝ [nM |p]

∗[n1, n2, . . . , nM−1|p]a0 ∗ [p] ∗ [a0],

and then obtain the conditional posteriors of p and a0.
From these conditional posteriors, we derive the poste-
rior means, posterior variances and the credible intervals
of the four benefit risk measures at the last visit. By
implementing the decision rule, inferences are made to
determine whether the benefit outweighs the risk.

2.3 Model Fit Assessment

The model fit is assessed through the conditional pre-
dictive ordinate (CPO), which is defined as (Geisser and
Eddy 1979),

CPOi = f (ni |n(i)) =
∫

[ni |p, n(i)] ∗ [p|n(i)]dp,

where n(i) denotes the category vector n with the ith
category deleted, f (ni |n(i)) is the predictive distribution
of the new category, given n(i), and the expectation (the
integral term) is taken with respect to the posterior distri-
bution of p conditional on n(i). A Monte Carlo estimate
of the CPOi is provided by the harmonic mean of the
likelihood for ni . Specifically, for K Markov chain Monte
Carlo (MCMC) iterations, the CPOi is the reciprocal of
the posterior mean of the inverse likelihood of ni given
by

CPOi = 1

K −1
∑K

k=1 1/ f (ni |pk)
,

which is summarized as the logarithm of the pseudo-
marginal likelihood (LPML) (Geisser and Eddy 1979):

LPML =
5∑

i=1

log f (ni |n(i)) =
5∑

i=1

log CPOi .

The model with the larger value of LPML has the
better fit.

3. Simulation and Illustration

3.1 Simulation Study

We simulated multinomially distributed and longi-
tudinally correlated data using the R package SimCor-
MultRes.R developed by Touloumis (2013). Multivariate
normally distributed data are first generated through a
prescribed mean vectors and a predistorted correlation
coefficient matrix. The package then uses an underlying
cumulative link model to obtain the marginal cell prob-
abilities, and then draw correlated ordinal responses by
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Table 3. The posterior means and 95% credible intervals of the BR measures for the simulated datasets

Scenario 1: Treatment benefit and risk is balanced compared to the control

Without power prior With power prior

Visit Truth Mean 95% Credible intervals Mean 95% Credible intervals

Linear 1 0 −0.014 −0.137 0.103 −0.016 −0.138 0.102
2 0 0.011 −0.085 0.107 0.030 −0.104 0.169
3 0 0.047 −0.067 0.164 0.084 −0.065 0.234
4 0 0.086 −0.046 0.217 0.120 −0.039 0.290
5 0 0.074 −0.086 0.233 0.059 −0.141 0.255
6 0 0.057 −0.123 0.232 0.040 −0.125 0.213
7 0 0.056 −0.107 0.223 0.062 −0.083 0.214
8 0 0.069 −0.084 0.226 0.069 −0.082 0.222

Ratio 1 0 0.003 −2.347 2.309 0.003 −2.347 2.309
2 0 0.018 −1.564 1.536 0.013 −2.118 2.135
3 0 0.031 −1.582 1.583 0.060 −2.173 2.289
4 0 0.323 −0.612 1.299 0.461 −0.572 1.576
5 0 0.220 −0.254 0.712 0.186 −0.415 0.779
6 0 0.140 −0.287 0.554 0.509 −0.498 1.569
7 0 0.154 −0.341 0.647 0.505 −0.674 1.774
8 0 0.153 −0.461 0.777 −0.187 −2.051 1.621

Cmp. Ratio 1 0 0.289 −4.879 5.415 0.289 −4.879 5.415
2 0 0.013 −3.261 3.189 −0.029 −4.606 4.699
3 0 0.039 −3.182 3.295 0.101 −4.814 5.031
4 0 0.511 −2.033 3.051 1.255 −2.474 5.156
5 0 0.776 −1.260 3.058 1.281 −2.036 5.051
6 0 0.130 −1.035 1.249 0.484 −3.162 4.261
7 0 0.466 −0.636 1.596 0.978 −2.315 4.313
8 0 0.364 −1.018 1.731 −0.447 −4.609 3.719

Indicator 1 0 −0.292 −6 6 −0.292 −6 6
2 0 0.248 −6 6 0.454 −4 6
3 0 0.841 −4 6 1.116 −4 6
4 0 1.835 −4 6 2.249 −2 6
5 0 2.309 −4 6 1.847 −4 6
6 0 1.043 −6 6 0.476 −4 6
7 0 1.810 −4 6 1.668 −4 6
8 0 1.696 −4 6 0.626 −4 6

Scenario 2: Treatment benefit outweighs risk compared to the control

Without power prior With power prior

Visit Truth Mean 95% Credible intervals Mean 95% Credible intervals

Linear 1 0.368 0.311 0.170 0.447 0.311 0.170 0.447
2 0.809 0.542 0.437 0.649 0.722 0.574 0.865
3 1.322 0.885 0.763 1.010 1.201 1.033 1.367
4 1.476 1.193 1.056 1.332 1.441 1.274 1.609
5 1.528 1.320 1.180 1.460 1.457 1.291 1.619
6 1.900 1.560 1.417 1.702 1.764 1.598 1.922
7 1.877 1.700 1.561 1.838 1.809 1.662 1.946
8 1.456 1.550 1.404 1.693 1.420 1.240 1.594

Ratio 1 5.521 0.202 −2.057 2.498 0.202 −2.057 2.498
2 6.899 0.820 −0.480 2.244 1.277 −0.372 3.217
3 7.704 2.259 1.193 3.550 3.299 1.856 5.135
4 6.998 3.437 2.390 4.632 4.309 3.001 5.980
5 6.242 4.142 3.088 5.417 4.942 3.623 6.668
6 7.281 4.707 3.905 5.618 5.876 4.743 7.182
7 7.406 5.033 4.290 5.820 6.164 5.052 7.487
8 6.530 4.151 3.525 4.812 4.635 3.310 6.389

(Continued on next page)
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Table 3. The posterior means and 95% credible intervals of the BR measures for the simulated datasets (Continued)

Scenario 1: Treatment benefit and risk is balanced compared to the control

Without power prior With power prior

Visit Truth Mean 95% Credible intervals Mean 95% Credible intervals

Cmp. Ratio 1 11.793 −1.031 −5.990 4.078 −1.031 −5.990 4.078
2 16.339 0.427 −2.468 3.472 1.474 −2.547 5.781
3 20.646 3.198 0.484 6.125 6.152 1.808 10.836
4 20.240 5.684 3.236 8.427 9.142 5.606 13.502
5 19.174 7.481 5.106 10.267 10.938 7.426 15.478
6 23.033 9.637 7.793 11.814 12.753 9.560 17.016
7 23.098 10.556 8.699 12.763 12.723 9.781 16.553
8 19.327 9.345 7.595 11.420 10.098 6.791 14.309

Indicator 1 4 1.031 −2 4 1.031 −2 4
2 4 1.806 −2 4 1.797 −2 4
3 4 1.983 0 4 1.995 0 4
4 6 2.809 0 4 4.340 0 6
5 6 5.222 2 6 5.520 2 6
6 6 6.000 6 6 6.000 6 6
7 6 6.000 6 6 5.990 6 6
8 6 6.000 6 6 5.662 2 6

setting the cutoff points of the latent variables. We sim-
ulated two scenarios. In each scenario, we generate n =
134 subjects in each of the treatment and control arms,
and the subjects in both arms are followed up for 8 visits.
The number of subjects and number of visits are selected
to be the same as those found in the hydromorphone clin-
ical trial example (see Section 3.2). The study outcomes
simulated are ordinal benefit-risk categories (1, 2, 3, 4,
and 5) that each patient falls in at each of the eight visits.
The mean vectors of latent variables for both scenarios are
listed in Table 2, and variance matrices (between each of
the eight visits) are set up with the variances (diagonal el-
ements) as 1 and the covariances (off-diagonal elements)
as 0.9. The cutoff points are set as −2.5, −0.5, 0.5, and

2.5. In the first scenario, the treatment arm is similar to
the control arm in terms of benefit-risk (the mean vec-
tors between treatment and control arms are the same);
in the second scenario, the treatment arm is better than
control arm in the sense that the benefit outweighs risk
(the mean vector in treatment arm is greater than that of
the control arm). The simulated datasets are plotted in
Figure 1.

The proposed methods are applied to the simulated
data in both scenarios using models with and without
power prior. R and WINBUGS are used for running the
simulations. For the MCMC sampling, we took 40,000
draws from the posterior distribution after a burn in
of 5000 draws. The weights are set as, w1 = 2, w2 =

Figure 2. The posterior means, credible intervals of power prior for all visits. Dashes (-) mark the means, and the ends of the strikes (|) represent
the lower and upper bound of 95% credible intervals.
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Table 4. Model fit diagnostic–LPML value for models with and
without power prior using simulated datasets

Treatment Control

Scenario 1:
Model without power prior −42.824 −43.008
Model with power prior −10.339 −10.854
Scenario 2:
Model without power prior −53.202 −34.041
Model with power prior −10.484 −8.851

1, w3 = 0, w4 = 1, w5 = 2. The parameters e and f are
set as 1 for BR Ratio and BR Cmp Ratio measures.

In Scenario 1, where benefit risk is balanced in the
two arms, the 95% credible intervals for BR Linear,
BR Ratio, BR Cmp Ratio, and BR Indicator contain
zero for all eight visits, thus demonstrating that the results
are consistent with the truth. In Scenario 2, where benefit
outweighs risk, the 95% credible intervals for BR Ratio,
BR Cmp Ratio, and BR Indicator contain zero for visit
1 and 2 and then exceed zero for the rest of the vis-
its, and those of BR Linear are greater than zero, again
demonstrating that the results are consistent with the
truth. When power prior is used to discount information
from the previous visits through a power of the likeli-
hood, the results do not change. The posterior means
and 95% credible intervals for simulated data, using
models with and without power prior, are listed in Ta-
ble 3. No convergence issues were observed in MCMC
sampling.

The posterior means and 95% credible intervals for
the power prior parameter a0, for all visits, are plotted in
Figure 2. The posterior mean of a0 starts with 0.5 at visit 1
and then, based on the data, it varies throughout the trial.
At the last visit, it returns to 0.114 for Scenario 1 (95%
credible interval: 0.024, 0.284) and 0.086 for Scenario 2
(95% credible interval: 0.017, 0.201).

Table 5. Model fit diagnostic–LPML value for the hydromorphone
example

Treatment Control

Model without power prior −14.230 −14.209
Model with power prior −6.432 −6.190

The model fit measures, LPML value, for models with
and without power prior are listed in Table 4. In Scenario
1, the model without power prior has LPML as −42.824
and the model with power prior has LPML as −10.339 for
the treatment arm; and the corresponding LPML values
for the control arm are −43.008 and −10.854, respec-
tively. Thus, the models with power prior have better fit
than those without power prior in Scenario 1. Similarly in
Scenario 2, the model with power prior has better model
fit than the one without power prior, in both treatment and
placebo arms.

3.2 Case Study: Hydromorphone

We apply the proposed methods to a dataset of
one hydromophone drug for pain from Norton (2011).
The data are from a two-arm study, where 268 pa-
tients were randomly assigned in equal number to treat-
ment and control arms. Patients were followed up for
eight visits, and their outcomes were evaluated by medi-
cal doctors and assigned to one of the five benefit-risk
categories (see Norton (2011) for a detailed descrip-
tion of the data). The data are plotted in Figure 3. R
and WINBUGS are used for analyzing the hydromo-
phone data. No convergence issues occurred in MCMC
sampling.

The results of BR assessment on hydromorphone data
using the model with power prior are plotted in Figures 4.
The 95% credible intervals for BR Linear, BR Ratio,

Figure 3. The frequency distribution of the hydromorphone trial data (n = 134).
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Figure 4. Application to the hydromorphone example—model with power prior. The longitudinal presentations of : (a) BR linear measure; (b) BR
ratio measure; (c) BR composite measure; (d) BR indicator measure. The dashes (-) mark the means, and the ends of the strikes (|) represent the
lower and upper bound of 95% credible intervals.

BR Cmp Ratio and BR Indicator contain zero at visit
1 and exceed zero for the rest of the visits. When power
prior is not used, the results are similar.

The estimates of posterior means and 95% credi-
ble intervals of power prior parameter a0 are plotted in
Figure 5. The posterior mean of a0 starts with 0.5 at visit

1 and ends with 0.75 (95% credible interval: 0.38, 0.99)
at visit 8.

The LPML values for models with and without power
prior are listed in Table 5. The model without power prior
has LPML as −14.230 and the model with power prior has
LPML as −6.432 for treatment arm; the control arm has

Figure 5. The posterior means, credible intervals of power prior at all visits. Dashes (-) mark the means, and the ends of the strikes (|) represent
the lower and upper bound of 95% credible intervals.
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the LPML values as −14.209 and −6.190, respectively.
Thus, the models with power prior have better fit than
those without power prior in both arms.

4. Discussion

The methods proposed in this article aim to assist
the longitudinal assessment of drugs by taking both ben-
efit and risk into consideration. These methods may be
useful to regulatory agencies in evaluating new drug ap-
plications. The agency itself needs to choose weights
{wi} that appear reasonable to the patient population
and the treatments under consideration. The choice of
weights depends on the disease and available treatments.
If there is no effective treatment existing on the mar-
ket, the threshold of tolerance of adverse events may
be high, expands to w2 can take on a relatively larger
value than other wi ’s. In selecting weights, one may also
use normalized weights or consider weights as a random
component.

The article adopted the GBR scores using five-
category outcome data to measure benefit and risk simul-
taneously. Similar composite ordinal effectiveness out-
comes were also proposed in Antipsychotic Trials of In-
tervention Effectiveness (CATIE) studies by Davis et al.
(2003). In some other drug development programs, re-
searchers might be interested in defining BR in a finer
gradation, and there could be more than five BR cate-
gories. Nevertheless, a Bayesian approach can be applied
in a similar fashion with some adjustment when longitu-
dinal assessment is required.

Among the four quantitative measures, the GBR
scores proposed by Chuang-Stein, Mohberg, and Sinkula
(1991) are computed for each arm (treatment and control)
separately, and the BR measures are defined as the differ-
ence of the GBR (or the log(GBR)) scores from the two
arms. The new indicator based BR measure compares
the two arms simultaneously. From the two simulated
datasets and the hydromphone dataset, it shows that all
four BR measures are able to clearly measure the mag-
nitude and changing trend of the benefit and risk. The
location of the credible intervals is a good reflection of
the benefit-risk level, and the magnitude of these two mea-
sures is relatively easy for interpretation and understand-
ing. One may also construct BR measures using the ratio
of Ratio Scores or the ratio of Cmp Ratio Scores between
the treatment and control arms, and then apply Bayesian
approach to construct the credible intervals for all the
visits.

In defining BR Indicator, we assign a value of −1
if the probability of treatment is smaller than control,
1 if probability of treatment is larger than control, and
0 if equal. One may relax this definition by assigning
BR Indicator a value of 0 if the (absolute) difference of

the probabilities of treatment and control is less than,
say, 1% or 5%; that is, if the treatment and control prob-
abilities are “essentially equal,” the indicator function
χ (Pi,T , Pi,C ) is assigned a value of 0.

Chuang-Stein, Mohberg, and Sinkula (1991) took a
frequentist approach and applied the delta method to find
the asymptotic distribution of the three GBR scores. Re-
sampling approaches such as bootstrap can also be used
to find the distributions of the measures. However, these
methods are more appropriate for analyzing benefit-risk
data from a single visit but not for analyzing longitudinal
data. The primary advantage of the proposed Bayesian
methods for longitudinal data is their ability to borrow
information from previous visits and recursively update
posterior means, variances, and credible intervals of BR
measures. In comparing the frequentist approach with the
Bayesian approach for the hydromorphone data, it was
observed that the Bayesian credible intervals had shorter
width than the frequentist confidence intervals (results
not shown).

A longitudinal visualization of the posterior means
along with credible intervals can be used to monitor the
trend of the benefit-risk over the course of a trial. The in-
formation from the last visit is certainly important; how-
ever, the interim analyses can also be implemented for
monitoring the whole course of the benefit-risk assess-
ment. One may also evaluate the posterior probabilities
of the BR scores at each visit being greater than 0 (or less
than 0), and if these probabilities are large, one may con-
clude benefit (risk) outweighs risk (benefit). However,
these calculations do not give us the magnitude of the
(benefit/risk) effect.

Power prior approach is used to discount information
from the visits. In both simulated datasets and hydromor-
phone data, it suggests that the models with power prior
have better model fit in terms of their larger LPML val-
ues. The posterior means and credible intervals for the
four global BR measures are similar between the mod-
els with and without power prior in both the simulated
datasets and the hydromorphone dataset. One reason is
that the posterior means of pi at visit m under the model

without power prior is E(pi |nm) = αi +nim+∑m−1
j=1 ni j

α+n•m+∑m−1
j=1 n• j

, while

those posterior means under the model with power prior

is E(pi |a0, nm) = αi +nim+a0
∑m−1

j=1 ni j

α+n•m+a0
∑m−1

j=1 n• j
(when a0 is estimated

by the posterior mean). When the value of a0 is close
to 1, the posterior means from two models are similar,
and so are the posterior means for the four global BR
measures. There have been certain potential drawbacks
of power priors as noted by Neelon and Malley (2010). If
the trial data diverge from the “historical” data, the power
prior parameter a0 tends to attenuate toward zero, obvi-
ating the need for the historical data. Sensitivity analyses
for a0 fixed at different values (say, 0, 0.25, 0.5, 0.75,
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and 1) could be performed to assess the effect of power
priors on the final results. In the proposed approach, we
assumed that the data from each visit have equal impact
on current visit, and used one single common power prior
parameter a0 on likelihood functions of all the previous
visits. This assumption can be relaxed, allowing one to
incorporate more information from the recent visits and
discount more information from the farther recent visits
(by using ordered power prior parameters, e.g., Gamalo,
Tiwari, and LaVange 2013). The two scenarios in simula-
tion studies were generated based on the hydromophone
trail data. The performance of models could be studied
under additional scenarios where the simulation uses dif-
ferent number of patients, less or more visits, or unevenly
spaced visits.

To take full advantage of the proposed methodol-
ogy requires close collaboration between statisticians and
clinicians. The appropriate identification of AEs needs
input from clinicians, as does the assignment of the five
benefit-risk categories. One assumption in our methodol-
ogy is that the patients’ withdrawals from the trial are all
because of AEs, and this may not be true in some cases.
In the beginning of a trial, patients in the control arm may
withdraw because of no obvious benefit. There could be
some withdrawals due to loss of follow-up throughout
the trial. Patients could get cured and withdraw from the
study, in which case the withdrawals can be a positive
outcome. Simply classifying them into withdrawals due
to AEs may bias the results. For this reason, a finer break-
down (other than five categories) may be more suitable
to measure benefit-risk, and a different set of weights
may be used accordingly. Sensitivity analyses can also be
performed for the study of withdrawal effects on the BR
results.

A qualitative approach to the measure of benefit-risk
has been supported by FDA, however, qualitative assess-
ment would likely make the process more difficult to
understand. Certain components in the qualitative deci-
sion making process can and should be as quantitative as
possible, such as the demonstrated benefit and risk of the
drug product, ways to mitigate risk, the characteristics
of the disease, and other treatments available for the dis-
ease (FDA 2013). Various structured benefit risk models
have been proposed, such as “Principle of threes” grading
system (Edwards, Wiholm, and Martinez 1996), trans-
parent uniform risk benefit overview (TURBO) model
(Working CIOMS Group IV 1998), evidence-based ben-
efit and risk model (Beckmann 1999), and multicriteria
decision analysis (MCDA) (Mussen, Salek, and Walker
2007). However, no consensus on quantitative assessment
of benefit risk has been reached either in the industry
or in the regulatory agencies. The proposed Bayesian
approaches in drug benefit-risk assessment are part of

the continuous research in this field, and more work is
warranted.
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