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A B S T R A C T

Benefit-risk (BR) assessment is essential to ensure the best decisions are made for a medical product in the
clinical development process, regulatory marketing authorization, post-market surveillance, and coverage and
reimbursement decisions. One challenge of BR assessment in practice is that the benefit and risk profile may keep
evolving while new evidence is accumulating. Regulators and the International Conference on Harmonization
(ICH) recommend performing periodic benefit-risk evaluation report (PBRER) through the product's lifecycle. In
this paper, we propose a general statistical framework for periodic benefit-risk assessment, in which Bayesian
meta-analysis and stochastic multi-criteria acceptability analysis (SMAA) will be combined to synthesize the
accumulating evidence. The proposed approach allows us to compare the acceptability of different drugs dy-
namically and effectively and accounts for the uncertainty of clinical measurements and imprecise or incomplete
preference information of decision makers. We apply our approaches to two real examples in a post-hoc way for
illustration purpose. The proposed method may easily be modified for other pre and post market settings, and
thus be an important complement to the current structured benefit-risk assessment (sBRA) framework to im-
prove the transparent and consistency of the decision-making process.

1. Introduction

Benefit-risk (BR) assessment is essential to ensure the best decisions
are made for a medical product in the clinical development process,
regulatory marketing authorization, post-market surveillance, and
coverage and reimbursement decisions. However, to reach a consensus
on the evaluation of benefit and risk is a challenging and complex
process as it involves various stakeholders, different data sources, and
exhibits dynamic nature as new information continues to emerge. To
this end, the structured BR assessment framework has evolved rapidly
in the last few years, as evidenced by a large number of regulatory and
industry-wide initiatives on structured BR assessment [1–3]. Although
it has been widely acknowledged that structured BR assessment is
mainly based on a qualitative and descriptive BR framework, quanti-
tative approaches play an important role in order to complement qua-
litative frameworks by providing objectivity and transparency on the
impact of weighting and uncertainty when assessing the BR profile of a
medical product [2].

2. Literature review and motivations

A recent systematic review by Mt-Isa et al. [4] identified multi-
criteria decision analysis (MCDA) to be among the most promising
methods for conducting a quantitative BR assessment, and the method
was also highlighted by regulators [1]. The debut of MCDA for the BR
assessment of new drugs was provided by Mussen et al. [5]. The prin-
ciple of the method is to compare drugs using utility scores calculated
from multiple criteria of benefits and risks, taking into account their
relative importance according to the preferences (a.k.a. weights) of the
decision makers. However, in its standard implementation, the impact
of uncertainty of criteria and preference on the choice of optimal de-
cision was not considered. Tervonen et al. [6] proposed to use a sto-
chastic multi-criteria acceptability analysis (SMAA) approach for eval-
uating a drug benefit-risk profile which can account for both variations
inherent in criterion measurements and lack of preferences information.
Waddingham et al. [7] proposed a Bayesian MCDA model to estimate
the distribution of the criterion via synthesizing the evidence observed
in previous studies. To mitigate the high degree of uncertainty in the
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results of SMAA, Saint-Hilary et al. [8] proposed a simple way to con-
trol the weight space of SMAA in benefit-risk assessment. Each of the
above approaches has its own advantage of incorporating different
sources of uncertainty in BR assessment. However, how to combine
these advantages in a real working procedure of BR assessment in the
pharmaceutical industry still needs more researches.

One additional challenge of BRA in practice is that the benefit and
risk profile may keep evolving while new evidence is accumulating. For
example, it is recommended by regulators and the International
Conference on Harmonization (ICH) to perform periodic benefit-risk
evaluation report (PBRER) through the product's lifecycle for such
consideration [13–16]. In (ICH) E2C (R1) guideline [16], it is stated
that meta-analyses or pooled analyses could be performed to summarize
all available information from any other clinical trial sources in addi-
tion to those clinical trials or no-interventional studies completed or
still ongoing during the reporting period, such as randomized clinical
trials, and safety information from co-development partners or in-
vestigator-initiated trials. However, methods and examples of im-
plementing an integrated benefit-risk analysis are rare in literatures,
especially those in a quantitative way. How to integrate all the cumu-
lative clinical trial data sources together in a quantitative way to per-
form a comprehensive BRA remains an open question. Therefore, a
quantitative assessment method that can be applied in practice to sa-
tisfy the needs of benefit risk assessment with accumulating informa-
tion during the drug development is much needed.

In this paper, we propose a general statistical framework that could
be used for the quantitative benefit risk assessment in which Bayesian
meta-analysis and stochastic multi-criteria acceptability analysis
(SMAA) will be combined to synthesize the accumulating evidence from
early stages of the clinical development to late stages. Specifically, we
first adopt a Bayesian approach to conduct a cumulative meta-analysis
(CMA) based on the summary level data to get the posterior distribution
of the criteria values from the selected benefit and risk endpoints across
multiple studies. Then the SMAA approach is used to perform the BR
assessment based on the synthesized benefit and risk evidence from the
cumulative meta-analysis. The proposed framework is a dynamic pro-
cess in which the posterior distribution is updated whenever a new
clinical trial or another new data source regarding the medical product
becomes available for inclusion. The proposed approach aims to sys-
tematically assess the benefit-risk balance across the lifecycle of a
medical product. Therefore, the approach is ready to be modified as
needed to address all stakeholders' requirements in both pre and post
market setting.

The remaining of the paper is organized as follows. We first in-
troduce a two-step approach for periodic BRA based on Bayesian evi-
dence synthesis and the SMAA method in Section 3. The details of the
proposed method are then illustrated in Sections 4 and 5. Section 4
describes the Bayesian meta-analysis as the first step and Section 5
describes the SMAA as the second step. Next, we show how to apply the
proposed method for periodic BRA using two case studies in Section 6.
Concluding remarks and discussions are presented in Section 7.

3. A general framework for periodic BRA

Fig. 1 shows the flows of the proposed framework of the periodic
BRA. In a drug development program, we usually have multiple studies
conducted at different stages (labeled as study 1, 2, …, K+ 1). Some
studies provide pivotal information on both efficacy and safety for re-
gistration (e.g. study 1 and 2); some studies may only provide the long-
term safety data (e.g., study K and K+1). Other data sources could also
be included in the framework. As the first step in the process, the
Bayesian meta-analysis approach will be used to synthesize different
data sources together in a temporal sequence which will give the pos-
terior distribution of the selected key efficacy and safety endpoints
(a.k.a., criteria). It is repeated whenever a new data source is available,
and respectively for each endpoint if the endpoints are independent.

After we get the summary of each endpoint across studies, those sum-
mary data will be put into the so-called stochastic multi-criterion ac-
ceptability assessment (SMAA) framework as criteria values for ranking
of the different treatments included in the drug development program.
One thing worth mentioning here is that endpoints could be correlated.
However, such cases may need patient-level data or correlation in-
formation, and are beyond the scope of this paper.

4. Bayesian meta-analysis for evidence synthesis

To perform the periodic benefit-risk assessment, the first step is to
identify the endpoints to be included in the value tree or effect table of
the sBRA as in the usual benefit-risk analysis. Thereafter, we can in-
tegrate the information from different studies to produce across-study
summaries of the data for those endpoints selected. In this paper, we
focus on the scenarios that the summary level data are available for
each treatment arm in the comparison. In scenarios where pairwise
comparisons between treatment arms are available, and where there is
a need for indirect treatment comparison, different techniques such as
network meta-analysis may be used.

We propose using Bayesian hierarchical models to synthesize the
evidence across all trials for each treatment group respectively, for its
flexibility and ease to implement [12]. Without loss generality, we
consider the count type data first. For treatment arm i in study k, and
the selected endpoint j, the number of patients having an event is de-
noted by Yijk, where i=1, …, I; j=1, …, J; and k=1, …, K. The
outcomes Yijk are assumed to follow independent binomial distributions

Yijk n p~Bin( , )i ijkk (1)

where the total number of patient nik in arm i and study k is known. For
different treatment arm i and endpoint j, the probabilities of the event
pijk's are assumed to be independent and come from the same prior
distribution across studies. This is equivalent to assuming that each
study has its own independent population which is a sample of the
overall population. In the hierarchical model, we use a link function to
transfer the probabilities pijk onto the logit scale as
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After transformation, the parameter of log odds ratio is assumed to
follow a normal prior distribution as

θ N σ~ (μ , )ijk ij ij
2

(2)

Note that uij and σij2 are parameters across the K studies for treat-
ment i and endpoint j. We use a non-informative or weak hyper-prior
distribution p(μij,σij2) for these parameters, to represents the lack of
information about the effect at the (overall) population level before the
current data are available. For example, uij~N(0,104), and σij2~Gamma
(0.001,0.001), where i=1, …, I; and j=1, …, J.

In this paper, we consider the three most common data types and
their corresponding metrics: continuous data (e.g., change from base-
line for an efficacy endpoint), binary data (the metric is percentage,
e.g., the proportion of subject meeting an efficacy endpoint or having a
safety event among the population of interest), and Poisson count data
(the metric is exposure adjusted incidence, e.g., the rate of subjects
experiencing a safety event in one patient year). The link functions
allow us to model different data types with minimal changes of the
above model. Table 1 lists the likelihood and link functions to be used
in the Bayesian hierarchical model for different data types.

When data are accumulating after the completion of each relevant
study, cumulative meta-analysis can be used to update the posterior
distribution of the criteria measurement for each endpoint. In the
Bayesian framework, cumulative meta-analysis is a natural process for
updating across study summaries in a chronical way. Essentially, the
information from earlier studies is utilized to form a prior distribution
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and the inclusion of data from each new study will produce an updated
posterior distribution and so on.

5. Stochastic multi-criteria acceptability analysis

After the evidence across studies is integrated together, we will then
use the SMAA method to compare the benefit-risk profile of different
drugs. SMAA [17,18] considers a multi-criteria decision problem con-
sisting of a set of I treatments that are assessed on J criteria. The vector
of criteria measurements corresponding to alternative i is denoted by
ξi=(ξi1,…,ξiJ)∈ Ξ, where ξij represents the outcome of alternative i on
criterion j, and Ξ is the feasible space of criteria values. In our scenario,
the alternatives are the I treatments to be compared, and criteria are the
J input variables in SMAA model that quantify the selected key efficacy
and safety endpoints. The considerations on how to select the efficacy
and safety endpoints has been thoroughly discussed by many re-
searchers [9], and is beyond the scope of the present paper. The benefit-
risk tradeoff of a specific treatment is represented by the utility score u
(ξi,w), with higher value indicating a more preferable benefit-risk
profile. It is generally assumed that the criteria satisfy the independence
conditions and an additive value function is applied:

= + …+ξ wu w u ξ w u ξ( , ) ( ) ( )i i J J iJ1 1 1 (3)

where uj(ξij) are partial value functions for the j-th criterion of i-th al-
ternative and wj is the weight representing relative importance (or
preference) of the criteria as compared with other criteria. Denote
w=[w1,w2,…,wJ]∈Ω, and the weight space Ω={w :w≥ 0 and
∑j=1

Jwj=1}. Note w is the same for all alternative treatments. In the
next several subsection, we are going to introduce the different com-
ponents in the SMAA method.

5.1. Criteria

To assess the uncertainty in criteria measurements, the criteria va-
lues ′ξ si are assumed to be random variables with joint density func-
tions f(ξi). Assuming the criterion value are independent, then f
(ξi)=Πj=1

Jf(ξij). In our proposed framework, f(ξij) is the marginal
posterior distribution p(ξij | Yij1,…,YijK) resulted from the Bayesian
cumulative meta-analysis. The relationships between criteria ξij and
transformed population level mean parameter uij are listed in the last
column of Table 1. For example, in the case of event rate with a binary
distribution, the percentage of event is defined as

= = +ξ inv logit μ. ( )ij ij
exp μ

exp μ

( )

1 ( )
ij

ij
.

For simplicity, we assumed that the criteria satisfy the in-
dependence condition, and the information of each criterion is sum-
marized independently. It is important to acknowledge that such in-
dependence may not be realistic in some cases, and not all studies had
every efficacy and safety endpoint collected. However, the proposed
model can be extended to account for correlation between criteria as
data permits, by using multivariate distributions. In our real examples,
we have the study summaries for every endpoint and each drug of in-
terest. So the posterior distribution for the criteria value of each end-
point across all treatment arms was computed respectively. If the data
are not available for all endpoints in every study, we could still use the
studies with data for some endpoints and update the posterior sepa-
rately for each corresponding endpoint. In other cases where summary
data are from literature, especially when multiple treatments were in-
volved without a common comparator, network meta-analysis may be
needed to produce estimates for relative effects. One disadvantage for
such method is that the relative effects are not suitable for specifying
absolute benefit and risk trade-offs of a single drug, as they do not
contain information on the baseline effect [10]. Therefore, more as-
sumptions such as those on baseline effect have to be made to rank all
the treatments.

Fig. 1. The general framework of the proposed two-step approach.

Table 1
Criteria types and corresponding likelihood and link functions.

Data type of Yijk Metric of endpoints Likelihood of Yijk Link function g(∙)= θijk Prior distribution for θijk Criteria value in SMAA model
ξij= g−1(μij)

Binary data Percentage Yijk~Bin(nik,pijk)
⎜ ⎟
⎛
⎝

⎞
⎠−

log
pijk

pijk1

θijk~N(μij,σij2)
+

exp μij
exp μij

( )

1 ( )

Count Exposure adjusted event
rate

Yijk~Poisson(λijkEik)
Eik: exposure
λijk: the incidence rate per person-
year

log(λijk) θijk~N(μij,σij2) exp(μij)

Continuous data Yijk~N(θijk, seijk2), seijk2: standard
error

Identity θijk~N(μij,σij2) μij
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5.2. Partial value functions

To put criteria on a comparable basis, the partial value functions
(PVF) uj(ξij) are used to normalize the criterion measurements ξij by
mapping them into the same scale, e.g. 0 to 1. The PVF is often linear,
monotonically increasing, but may also be nonlinear. The linear PVF is
defined as uj(ξij)= (ξij− ξj

′)/(ξ ′ ′j− ξj
′) if the preference direction is

increasing; and = ′ − ′ − ″u ξ ξ ξ ξ ξ( ) ( )/( )j ij j ij j j if the preference direction
is decreasing, where ξ′j and ξ ′ ′j are the least and most preferable values
of criteria j. Thus, the best case corresponds to uj(ξij)= 1 and the worst
case corresponds to uj(ξij)= 0. This is consistent among all benefit and
risk criteria. Moreover, because using scale ranges that are too large
causes imprecision for the preference elicitation, it is recommended
that the value [ξj′,ξ ′ ′j] could be defined based on interval of the 95%
credible intervals from the posterior distribution of the criteria j [6].
The measurements out of the range are truncated by the values ξ′j and
ξ ′ ′j at each direction respectively.

5.3. Choice of weight

The preference information in SMAA is expressed as weights for
different criteria. This reflects the consideration of decision makers
regarding the relative importance of a criterion comparing with other
criteria. A greater weight means to give more importance to the cri-
terion when assessing the benefit-risk profile. Denote such weight
vector as w= (w1,…,wJ) with restriction that ∑j=1

Jwj=1. Very often,
such weights cannot be fully extracted from decision makers because
either decision makers are not sure, or reluctant to tell. Also, the
weights from different decision makers can be simply different due to
different perspectives. Therefore, instead of using an elicited weight
vector w, the SMAA approach considered the weights as random vari-
ables with a joint density function f(w) in the feasible weight space Ω.

The weight vector reflects the relative importance of the different
criteria from the decision makers and thus is not driven by the observed
data from clinical trials. In a fully Bayesian framework, the distribution
of the weight vector f(w) can be viewed as the prior distribution for the
parameter w. Saint-Hilary et al. [8] proposed a Dirichlet distribution for
f(w), which considers both the relative magnitudes and uncertainties in
w. Specifically, the weight is assumed to follow Dirichlet(r ∙ (w1

0,
…,wJ

0)), where 0≤w1
0, …, wJ

0≤ 1 and ∑j=1
Jwj

0= 1. Note, now the
value of wj

0 reflects the relative importance of criteria j, and the mean
of the weight E(wj)=wj

0. The constant r varies from 0 to +∞ and
controls the variance of the weight which goes to infinity when r=0
and to 0 when r=+∞. This precision parameter r reflects the con-
fidence level of the decision makers in the elicitation of their pre-
ferences. In practice, r > 50 usually represents a very strong con-
fidence in the weight elicitation [8]. Changing r is analogous to conduct
a sensitivity analysis on weight parameters w based on certain prior
knowledge w0= (w1

0,…,wJ
0), and further impose uncertainty on this

prior knowledge via r. Since w0 can be subjective, the impact of w0 can
be evaluated by assigning an additional level of hyper-distribution on it
if desired, or by using weight distribution elicited from patient pre-
ference data which will inherit uncertainty. However, the relative im-
portance of the elements in w0 should be determined by clinical con-
siderations, rather than being driven by the study results. The regular
SMAA without preferences (equal weights) corresponds to a Dirichlet
model with the weight of wj

0= 1/J and r= J.

5.4. Utility scores and ranking

The benefit-risk balance is measured by the utility scores u(ξi,w)
which are also random variables. The BR assessment of the treatments
is conducted by comparing the distributions of the utility scores, which
can be implemented via computing the distribution of the difference
between the utility scores of two treatments i and i′ as Δu(ξi,ξi′,w)= u

(ξi,w)− u(ξi′,w). The key idea in original SMAA is that, the ranking of
the treatment alternatives is based on the expected percentage of the
weight vector that gives the best rank for a treatment over the space of
the criteria values. In SMAA, such expected percentage is called rank
acceptability index. SMAA defines the favorable rank weights Wi

r(ξi) as

= ∈ =ξ w W ξ wW rank r( ) { , ( ) },i ii
r

where r is the rank ranging from 1 to I. Wi
r(ξi) can be interpreted as the

set of weights that gives rank r to the treatment iwhen its criteria values
is ξi. The r-th rank acceptability index is then defined by

∫ ∫=
∈

ξ w w ξb f f d d( ) ( )
ξ i ξ ii

r
WΞ ( )i ii

r (4)

i.e., bir is the expected volume of weights that gives treatment i a
rank r over all possible ξi.

Calculating the acceptability index involves high dimensional in-
tegrals of criteria and weight distributions on their combined feasible
space. In practice, Monte Carlo simulation is applied to obtain ap-
proximations of those integrals. The samples of criteria measurements
and weights are drawn from their distributions, and total utility scores
are calculated based on random samples using formula (3). Suppose we
draw totally d=1, …, D samples of criteria ξi

(d) for treatment i and
weights w(d), and thus obtain D utility scores u(d)(ξi,w) for treatment i.
The acceptability index bir is computed by counting how many times
u(d)(ξi,w) are ranked at order r and then divide that number by D.

In this paper, a Bayesian approach based on a Markov-chain Monte
Carlo method is performed in Stan, a probabilistic programming lan-
guage for Bayesian inference, by specifying the full likelihood function
and the prior distributions of all unknown parameters. Stan adopts a
No-U-Turn sampler [11], which offers faster convergence and para-
meter space exploration compared with other MCMC algorithms such
as Gibbs sampler. The random samples from the posterior distribution
of the effect estimates of each criterion were fed directly into the SMAA
model which was coded in R.

6. Application to real clinical trials

In this section, we use two real clinical trial examples to illustrate
how to use the proposed framework for periodic benefit-risk assess-
ment. For confidentiality issue, we will mask the drug names and use
random samples from the original data.

6.1. Periodic BRA for drug T1

The first example is for the treatment of acute migraine. Four pla-
cebo or active-controlled phase III studies are chosen for our purpose.
We compare the benefit-risk profile of two different doses of drug T1
(Dose 1 and Dose 2) vs another drug T0. Based on the clinical inputs, we
choose five efficacy endpoints: pain freedom, pain relief, the absence of
phonophobia, the absence of photophobia, and the absence of nausea
all at 2 h postdose. The adverse events of concerns are dry mouth,
dizziness, somnolence, nausea, and fatigue. For each endpoint, the
criterion values used in SMAA is the percentages of patients who had an
event of the endpoints. All four studies collected the data for each of the
10 endpoints.

The steps for the periodic BRA are as follows.

1) Using the data from the first study, conduct the meta-analysis using
the Bayesian hierarchical model for binary data as described in
formula (1) and (2) in Section 3. The meta-analysis is performed for
each endpoint respectively. Then we get the posterior distribution of
the criteria value f(ξij1|Yij1), where i=1, 2, 3, and j=1, …, 10.

2) Get the initial weight vector w0= (w1
0,…,w10

0) that will be used in
the Dirichlet prior for weights in the SMAA model. This is done by
the weight swing method as used in multi criterion decision as-
sessment [19]. The experts are provided a table with the smallest
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and biggest value for each criterion. Then they are asked to rank
criteria according to the importance of their swing from worst to
best performance assuming all the other criteria remain at their
worst value. After that, the criterion with rank 1 is assigned an in-
itial value of 100. The initial values of all other criteria are assigned
a number between 0 and 100, in comparison to the initial value of
the most important criterion. The final weights will be the nor-
malized value by the total sum of initial values and be used as prior
knowledge about the weight in the Dirichlet distribution w0= (w1

0,
…,w10

0). The weight elicitation are presented in Appendix A Table
A.1. We use r=1 as baseline, which indicates little confidence on
the weight elicitation and conducted the sensitivity analysis on set
of r∈ [1,50].

3) The SMAA method is used to rank the different treatments. To
compute rank acceptability index bi1 in Eq. (4) and differences of
utility Δu(ξi,ξi′,w), random samples of the criteria value are drawn
from the posterior using MCMC from step (1) and the random
samples of w are drawn from the Dirichlet distribution with para-
meters in step (2). Monte Carlo integration is then used to compute
the value of bir. The ranks are given based on the relative magnitude
of the overall utility value for each treatment arm.

4) Step 1 and 3 are repeated 4 times whenever a new trial became
available for inclusion. Since weight is not driven by the data of
clinical trials, Step 2 for weight elicitation is only performed once
and the same elicited weights are used across repetitions.

The rank acceptability indices resulting from the analysis with r=1
are visualized as a bar chart in Fig. 2. From the left to the right panel in
the figure, the acceptability for drug T1 Dose 2 to be the best treatment
increases from 0.56 to 0.72 as more evidence from clinical trial studies
are included. The Dose 1 of drug T1 is ranked as the second best
treatment across the scenario, and drug T0 is always the least preferable
alternative. Fig. 3 displays the distributions of the pairwise differences
in utility score. To ensure fair comparisons, we use the same set of
initial weight samples w0 in calculating Δu(ξi, ξi′,w) when comparing
each two treatments. Both doses of drug T1 have a better benefit-risk
balance than drug T0 as the majority of the distribution curves are on
the right side of 0. The utility score for Dose 1 is smaller than Dose 2 as
most of the difference distribution is on the left side of 0. As expected,
the distributions become denser as more study results are included,
which indicates that the precision of the differences of utilities between

treatments increases. The results of sensitivity analysis of the con-
fidence factor based on all studies are presented in Fig. 4. As the
strength of the weight elicitation confidence r increases, the first rank
acceptability for each alternative converges quickly, remaining stable
for r> 20. We also present the results for the no preference case for
reference. The results are close to those obtained with a high degree of
uncertainty in weight elicitation.

In summary, the preference sequence is T1 Dose 2>T1 Dose
1>T0 in terms of the BR balance. When more studies are included, the
evidence is stronger. And the conclusion is very stable for all different
levels of confidence of the decision maker's preference.

6.2. Periodic BRA for drug R1

The second example of drug R1 is for treatment of HIV disease for
treatment experienced patients. Two studies are chosen from this pro-
gram. We compare the benefit-risk profile based on antiretroviral ac-
tivity and safety of R1vs another drug R0. The efficacy endpoints in this
example are: the proportion of patients achieving HIV
RNA<400 copies/mL, the change from baseline in HIV RNA
(log10 copies/mL); and the change from baseline in CD4 cell count. The
AEs of interest are diarrhea, injection site reaction, headache, nausea,
alanine aminotransferase increased, aspartate aminotransferase in-
creased, and creatine phosphokinase increase. In this program, the two
studies were conducted at around the same time period as the pivotal
studies and lasted a total of 240 weeks. The initial filing was performed
at Week 24 with the primary time point at Week 16, and follow-up
analyses were performed at Week 48, 96, 156 and 240. After Week 156,
all patients in the placebo arm were allowed to switch to the treatment
arms. Therefore, we omit the data after Week 156. Starting from Week
48, the pooled data showed a few but unbalanced number of malig-
nancy cases between treatment arms and placebo. Therefore, malig-
nancies should be added to the effect table of BRA after Week 48. To
mimic the finding history in our post-hoc analysis, we add malignancy
to the list of endpoints in the BRA and do a retrospective analysis by
adding the malignancy into the Week 24 analysis.

In this example, we conduct the periodic BR assessment at each time
when a new data lock is available to reflect the change of BR profile
over the whole 156weeks. For the two proportion metrics, we use the
Bayesian hierarchical model with binomial likelihood; for the two
change from baseline metrics, we use the Bayesian hierarchical model

Fig. 2. The rank acceptability indices resulting from the cumulative data with weight confidence r=1.
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with normal likelihood; for the AE counts, we use the exposure adjusted
incidence rate (number of AE per person year) as the metric, and the
Bayesian hierarchical model with Poisson likelihood for the meta-ana-
lysis. Therefore, we have three different metrics which are not on the
same scale. We used the partial value function to scale them into 0 to 1.

We first performed an analysis based on data at Week 24 without
considering malignancies as a criterion in the model. We then added a
post-hoc analysis using data at 24 week considering malignancies to
reflect such finding. The weight elicitation w0 with and without taking
into consideration malignancies are presented in Appendix A Table A.2.
The rank acceptability indices resulting from the analysis with r=1 are
visualized as a bar chart in Fig. 5. We can see that the first rank ac-
ceptability for drug R1 has a slight drop from 0.88 to 0.82 when adding
malignancy as a risk factor at Week 24. However, that does not impact
the fact that R1 has a greater chance to be better than drug R0 over the
course of the trials. The distribution of the differences in utility scores
between the two alternatives over time are plotted in Fig. 6. R1 be-
comes more preferable as the density shift to the right as time goes.

In summary, as longer periods of data are available, the drug R1
shows greater benefit-risk balance over the drug R0 and the evidence is
stronger when the follow-up time is longer as seen from the fact the PDF
is shifting more to the right as the follow-up time is longer. When the

malignancy was added to the effect table at Week 48, the BR balance
was dropping by a certain amount for the post-hoc analysis of Week 24,
but the BR balance difference is still getting greater between the
treatment arm and control arm as time moves forward.

7. Discussion

Benefit-risk assessment (BRA) is important to pharmaceutical com-
panies throughout the drug development stages. It is important to in-
itiate the process early in the product development lifecycle in order to
understand the benefit and risk profile of the new drug and make a
correct Go-and-No-Go decision in the early stages. The probability of
success of phase III studies is not only dependent on the efficacy of the
drugs but also the adverse effect the new drugs may have. Hence, a
rigorous benefit-risk assessment before Phase III is warranted for a
comprehensive decision to be made. The evidence from randomized
clinical trials is critical to the BRA for marketing application of new
drugs and forms the basis of an approval decision by the regulatory
agencies and the basis of a reimbursement policy by government or
insurance companies. Collecting information on the patients who took
the drug once it is marketed is also important to understand the long-
term benefit-risk profile during the drug lifecycle, and to provide more
evidence for regulatory agencies when evaluating the benefit and risk of
the drug to the society as the drug could be exposed to a much broader
population than those in the clinical trials.

In this paper, we proposed a general framework for periodical
benefit-risk assessment by combining Bayesian meta-analysis and
SMAA together and illustrated how to use the proposed methods to
update the benefit-risk profile of a drug periodically during the devel-
opment process using case studies. The quantitative BR framework
proposed can contribute to making the assessment transparent, con-
sistent, and rational, e.g., how different sources of data are integrated,
how the uncertainty of information impacts an assessment, and how the
conclusion is derived. Bayesian approach is especially suitable to tackle
these problems. The data from early studies or literature can be used to
form an informative prior (instead of non-informative prior when no
historical data) in the very first meta-analysis, and posterior distribu-
tion from an early analysis will become priors for the next coming
Bayesian meta-analysis when new study data is available. The un-
certainty in criteria value is incorporated into the posterior distribution

Fig. 3. Distributions of the pairwise differences in utility scores when using the same vector of parameters with r=1, The distribution is updated with increasing number of studies.

Fig. 4. Probabilities of being the best treatment with confidence r ranging from 1 to 50.
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obtained from the Bayesian meta-analysis which is then inputted to
SMAA model. The uncertainty of the weights is expressed through
Dirichlet process with hyper parameters. Hence, it is a convenient
method to integrate information from multiple sources, evaluate un-
certainty of the benefit risk profile, and naturally follow the chron-
ological structure of cumulative knowledge acquired on drugs, espe-
cially on their safety. The readily available sampling software based on
a Markov chain Monte Carlo approach made it easy to implement the
proposed method in terms of technique. In addition, the graphical tools
are visually intuitive to interpret the result and facilitate commu-
nicating with decision makers.

The method proposed in the paper is based on summary level data
from clinical trials. Whenever possible, individual-level data should be
favored because it provides more information on the variability of pa-
tients' responses and the inter-correlations among all effects, thereby
enabling more accurate estimates and predictions of benefit-risk pro-
files. In addition, the importance of including patients in regulatory BR
assessment has been increasingly recognized. Patients who live with a
disease are directly impacted by approval decisions and so are in a
unique position to contribute to BR decisions. The efficacy and safety of

a given treatment can differ from what was concluded on the basis of a
population of patients in a clinical trial. And the perspective of a patient
could also be different from that of regulatory perspective. The exten-
sion of proposed framework to the individual level is crucial to de-
monstrating the BR profile of a drug to individual patients and reali-
zation of Patient-Focused Drug Development [2].

There are several limitations in our study. First, the general as-
sumption of independence among criteria in the SMAA may not be
easily met. For example, numbers of adverse events for some selected
terms could be correlated to some extent if they are in the same System
Organ Class (SOC). In our examples, the correlations between criteria
were small. In practice, careful thought are needed when selecting
criteria for BR assessment and should take place at the planning stage of
BR assessment. Multivariate MCDA may be a potential solution for such
problem. Also, Bayesian methods can explicitly account for observed
correlation among the different BR criteria, either through the prior
distribution or through the likelihood model. For example, if the in-
dividual-level data are available, a joint posterior distribution of cri-
teria, e.g., a multivariate normal distribution with an unstructured
covariance matrix can be estimated to account for dependency among
the different criteria (parallel research is ongoing for this issue).
Second, although the proposed method controls the uncertainty of
weight with a natural interpretation, weights elicitation still requires a
substantial input from clinicians and decision makers. Weights can be
elicited with the swing method, in which the decision maker is asked to
judge the relative importance of the worst-best scale swings. Third, the
proposed quantitative BR framework is suitable for the periodic BR
reviews of medical products from an early stage of development to post-
approval safety monitoring as information continues to accumulate.
However, the criteria are generally not characterized in post-approval
studies in as much fine-grained detail as in randomized clinical trials.
The challenge of integrating the greater variety of data sources may not
have a one-size-fits-all solution, but need further methodology devel-
opment. As one reviewer pointed out, real world evidence (RWE)
should also be included for more comprehensive assessment of the
benefit risk profile of a product in post marketing setting. Although we
did not include RWE in our examples, in principle, the proposed fra-
mework could be used for incorporating the RWE. One caveat is that,
such data usually has potential bias and confounding. How to deal with

Fig. 5. The rank acceptability indices at different time points as disease evolving.

Fig. 6. Distributions of the differences in utility scores between drug R1 and drug R0. The
distribution is updated over the course of the trials.
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those biases and confounding issue in order to have a clean benefit risk
assessment warrants more research.

In summary, the proposed approach could be an important com-
plement to the qualitative BR framework. It presents an opportunity to
guide and inform decisions for medical products rather than to dictate
them. The actual decision making process by various stakeholders is
usually more complex, and is affected by other considerations such as
social and economic aspects. These factors may not directly influence a
product's benefit-risk profile for regulatory decision-making, but may
still have a profound impact on the acceptance of the decision by the
patient, public and other stakeholders like the HTA agencies.
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Appendix A

Table A.1
Weight vector w0 elicited by swing weighting method in drug T1 example.

Criteria Weight

Efficacy Pain free 0.18
Pain relief 0.16
Absence of phonophobia 0.15
Absence of photophobia 0.15
Absence of nausea 0.16

Safety Dry mouth 0.03
Dizziness 0.05
Fatigue 0.05
Somnolence 0.03
Nausea 0.04

Table A.2
Weight vector w0 elicited by swing weighting method in drug R1 example.

Criteria Weight (without Malignancies) Weight (with Malignancies)

Efficacy Proportion of patients achieving HIV RNA<400 copies/mL at Week 48 0.25 0.21
Change from baseline in HIV RNA (log10 copies/mL) 0.07 0.06
Change from baseline in CD4 cell count 0.24 0.20

Safety Diarrhea 0.10 0.08
Injection site reaction 0.09 0.07
Headache 0.08 0.06
Nausea 0.10 0.08
Alanine aminotransferase increased 0.03 0.02
Aspartate aminotransferase increased 0.02 0.02
Creatine phosphokinase Increase 0.02 0.02
Malignancies – 0.19
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