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In existing benefit-risk assessment (BRA) methods, benefit and risk criteria
are usually identified and defined separately based on aggregated clinical data
and therefore ignore the individual-level differences as well as the associa-
tion among the criteria. We proposed a Bayesian multicriteria decision-making
method for BRA of drugs using individual-level data. We used a multidimen-
sional latent trait model to account for the heterogeneity of treatment effects
with latent variables introducing the dependencies among outcomes. We then
applied the stochastic multicriteria acceptability analysis approach for BRA
incorporating imprecise and heterogeneous patient preference information. We
adopted an efficient Markov chain Monte Carlo algorithm when implementing
the proposed method. We applied our method to a case study to illustrate how
individual-level benefit-risk profiles could inform decision-making.
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1 INTRODUCTION

Benefit-risk assessment (BRA) of a drug is a complex but essential activity that pharmaceutical companies, regulators, and
health care providers have to perform in multiple stages during the drug's life cycle.1,2 With increasing recognition of the
importance of this task, board members at regulatory and industry have called for more robust and transparent method-
ologies to determine whether the drug's potential benefits outweigh its risks.3,4 As a result of this, scientists and clinicians
have developed more sophisticated qualitative and quantitative assessments and acknowledged that quantitative BRA
plays an important role to complement the qualitative approaches in drug evaluation.5

Several recent quantitative approaches have been proposed, among which multicriteria decision analysis (MCDA) was
identified to be a promising method to perform a quantitative BRA via providing objectivity and transparency on the
impact of weighting and uncertainty.1,5 The debut of MCDA for the BRA of new drugs was provided by Mussen et al.6 The
principle 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 (ie, weights) of the decision-makers. Tervonen
et al proposed a stochastic multicriteria acceptability analysis (SMAA) approach that accounts for the uncertainty inherent
in both criterion measurements and preference information.7 Waddingham et al proposed a Bayesian MCDA model to
estimate the distribution of the criterion via synthesizing the evidence observed in previous studies.8 van Valkenhoef et al
adopted a network meta-analysis to synthesize evidence on the relative effects and safety of a whole network of treatments
simultaneously.9 Wang et al proposed a stochastic multicriteria discriminatory method that is based on the SMAA and can
provide straightforward and informative assistance to decision-making, such as the expected p-values of the evaluation
results.10 Saint-Hilary et al proposed a Dirichlet SMAA, which applied a Dirichlet distribution to the weights of the criteria
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to unify the MCDA and SMAA.11 Li et al proposed a cumulative meta-analysis plus SMAA framework to incorporate
accumulated evidence from clinical trials and update BRA in a longitudinal fashion.12

Although these approaches provide valuable insights into drug benefit-risk (BR) evaluation, all of them follow the com-
mon practice that constructing separate analyses on efficacy and safety of the drug before integrating the benefits and risks
at the population level. These approaches assume uncorrelated benefits and risks and fail to account for heterogeneous
responses of patients to the drug. Thus, they may not be appropriate if the patients experiencing harm and the patients
experiencing benefit have little overlap. The BR profile concluded on the population level could distort the value of the
drug to an individual patient.13 Moreover, the patients' preferences of the different benefits and harms of the drug are het-
erogeneous within the population and may also differ substantially from that of other key stakeholders. For example, a
given safety issue can be tolerated by certain patients but may be unacceptable to others. This perspective aligns with that
of the patient-centered care focusing on individual outcomes and to view the patient's perspective as integral to relevant
research.13 Therefore, approaches for individual-level BRA are highly desirable.14

In this article, we propose a personalized multicriteria BRA approach based on SMAA. Specifically, we propose a mul-
tidimensional latent trait (MLT) model for efficacy (benefit) and safety (risk) outcomes of treatments, taking into account
the effects of covariates on the observed outcomes. Then, we apply a personalized SMAA approach for a specific patient
based on his/her preference information and the treatment responses estimated from the MLT. We refer to our proposed
framework as MLT-SMAA and use Bayesian approach for model inference and analyses. Bayesian inference, with its
coherent approach for integrating different sources of information and uncertainty, along with its link to optimal decision
theory, provides a natural framework to perform quantitative BRAs.15 It also enables the estimation of exact posterior dis-
tributions of the parameters based on a smaller samples, while likelihood-based estimation only produces a point estimate
of the parameters, with asymptotic standard errors.16,17

Compared with the current state-of-the-art MCDA approaches, our proposed method have several major difference:
(1) Instead of aggregating efficacy and safety outcomes separately to population level first, the MLT-SMAA framework
integrates the subject-specific efficacy and safety outcomes before summarizing into a BR composite. Therefore, it could
better accommodate scenarios such that different groups of patients experience different level of benefits and risks.
(2) MLT-SMAA accounts for the heterogeneity among patients as well as within-patient dependencies among the clini-
cal outcomes (BR criteria) with different data types. This enables more personalized parameter estimates and predictions
of the BR trade-offs. (3) MLT-SMAA illustrates a way to incorporate individual-level patient preference information in
decision-making, which can help ensure that the BR determinations are patient-centric, resulting in greater use for
patients and clinicians.

The rest of this article is organized as follows. In Section 2, we describe a real case study of a clinical trial on a dietary
supplement to prevent Parkinson's disease, which motivates our research. In Section 3, we introduce the MCDA and the
proposed MLT-SMAA approach for the individual-level BRA. In Section 4, we apply the proposed method to the creatine
study and depict the resulting BR questions. Concluding remarks and discussion are presented in Section 5.

2 CREATINE CASE STUDY

Creatine is a widely used dietary supplement and is thought to improve exercise performance. In animal models and
human studies, creatine has been shown to be well tolerated and may have some ability to protect brain cells.18 Thus,
the National Institute of Neurological Disorders and Stroke (NINDS) recommended the NINDS Exploratory Trials of
Parkinson Disease (NET-PD) program to evaluate creatine in a large, phase III, long-term trial (Long-term Study 1 [LS-1])
to determine if creatine slows the progression of Parkinson's disease over time, as compared with placebo.19 In the NET-PD
LS-1 study, 1721 participants, who were treated with background dopaminergic therapy, were 1:1 randomly assigned to
receive either creatine (10 grams per day) or a placebo (inactive substance). Participation in this study lasted a minimum
of 5 years with at least 9 follow-up clinical visits.

The efficacy of creatine was measured by the changes from baseline of five primary outcomes: Modified Schwab and
England Activities of Daily Living Scale, 39-Item Parkinson's Disease Questionnaire (PDQ-39) Summary Index (PDSI),
ambulatory capacity (the sum of 5 questions from the Unified Parkinson Disease Rating Scale [UPDRS]), Symbol Digit
Modalities Test (SDMT), and the modified Rankin Scale (MRS). The MRS is a dichotomous outcome and was coded
such that a value of 1 indicates worsening after baseline and 0 indicates nonworsening. All the other outcomes are con-
tinuous outcomes and were coded such that positive values of change from baseline indicate worsening. The common
creatine-related adverse events were creatinine increase in blood, weight increase, oedema, muscle spasm, and diarrhea.
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No serious adverse events occurred in the active treatment group during the follow-up period. The case study aims to
address the question of whether creatinine has a positive BR balance for patients with Parkinson's disease, based on
available clinical trial efficacy and safety evidence and preference information elicited from the patients or their repre-
sentatives. Note that there are nonignorable correlations among the efficacy and safety outcomes because they measure
different perspectives of the treatment response in the same patient. Such dependency, as well as the heterogeneity of
treatment response in patients, are not appropriately considered in the traditional methods.

3 METHODS

We consider a multicriteria decision problem consisting of a set of K treatments (k = 1, … ,K) that are assessed on J crite-
ria ( j = 1, … , J) for a given patient i, (i = 1, … , I). The vector of criteria measurements corresponding to treatment k on
patient i is denoted by 𝝃ik = [𝜉i1k, … , 𝜉iJk]⊤, where 𝜉ijk represents the performance of treatment k on criterion j. In a clin-
ical trial, the benefit and risk criteria are usually expressed through measurable efficacy and safety outcomes/endpoints.
The commonly encountered criteria formats include probability (eg, the probability of a patient experiencing the event)
and continuous measurement (eg, the change from baseline on a health outcome). The BR trade-off of a specific treat-
ment is represented by an integrated BR measure. We use the additive utility score ui(𝝃ik,wi) =

∑J
𝑗=1 wi𝑗u𝑗(𝜉i𝑗k) as the

BR measure, with higher value indicating a more preferable BR balance. The function uj(𝜉ijk) is the partial value function
(PVF) that normalizes the criterion measurements to the same scale, eg, the worst performance gives a value of 0 and the
best performance gives 1. The weights vector wi = [wi1, … ,wiJ]⊤, within a feasible space Ω = {wi ∈ RJ ∶ wi ≥ 0 and∑J

𝑗=1 wi𝑗 = 1}, denotes the relative importance of the criteria elicited by patient i reflecting his/her preferences on benefit
and risk criteria. Given the utility of criterion j as wijuj(𝜉ijk), wij has a specific interpretation as the relative value (value
expressed on a zero to one scale) of obtaining a swing from the worst to the best performance on the jth criterion 𝜉ijk. For
this reason, weights are more precisely termed swing weights in MCDA; they may be obtained by eliciting the relative
value of scale swings from worst to best outcome levels for the criteria measures.20

3.1 MLT model
To model the multivariate efficacy and safety outcomes that are potentially dependent at the subject level, we adopt the
idea of a latent trait model proposed by Dunson,21 which was originally used to account for the correlation between
clustered mixed outcomes. In such a model, an observed outcome (either efficacy or safety outcome) is assumed to be gen-
erated from a particular distribution in the exponential family. The mean of the distribution depends on the independent
variables. The multivariate distribution of the mixed outcomes is described by incorporating shared normally distributed
latent variables in generalized linear mixed models.

Suppose for the patient i, we observe data [ yi, xi,Tik], where yi = [ yi1, … , yiJ]⊤ is a vector of J health outcomes, xi
is a p-dimensional covariate vector (eg, age, gender, and relevant biomarkers), and Tik is a (K − 1)-dimensional vector
contains dummy variables that indicate treatment k. We assume that the observed outcomes are physical manifestations
of a set of latent variables 𝜽i, which is a q-dimensional vector. The latent variables shared by all the outcomes introduce the
correlations among outcomes. Under the local independence assumption,22 the observed outcomes yi are conditionally
independent of each other given an individual score on the latent variables 𝜽i. In the creatine case study with binary
outcomes {yij ∶ j = 1, … , c} (eg, experiencing adverse event) and continuous outcomes {𝑦i𝑗′ ∶ 𝑗′ = 1, … , c′} (eg, blood
pressure), for c + c′ = J, the model would be written as

logit{p(𝑦i𝑗 = 1|xi,Tik,𝜽i)} = logit{𝜉i𝑗k} = x⊤
i 𝜷𝑗 + T⊤

ik𝜷 tr𝑗 + 𝜽⊤
i 𝛌𝑗 (1)

𝑦i𝑗′ |xi,Tik,𝜽i = 𝜉i𝑗′k = x⊤
i 𝜷𝑗′ + T⊤

ik𝜷 tr𝑗′ + 𝜽⊤
i 𝛌𝑗′ + 𝜀i𝑗′ , (2)

in which 𝜉ijk and 𝜉i𝑗′k are the values of benefit or risk criteria, respectively. The parameters 𝜷 j and 𝜷𝑗′ are p-dimensional
vectors with fixed effect coefficients corresponding to the covariates xi; 𝜷 tr𝑗 and 𝜷 tr𝑗′ are (K − 1)-dimensional vectors that
quantify the treatment effects on outcomes j and j′.

Parameters 𝝀j and 𝛌𝑗′ are q-dimensional vectors of latent variable loadings linking the subject-specific latent variables
𝜽i to criteria 𝜉ijk and 𝜉i𝑗′k, respectively. The variable 𝜽i is assumed to follow multivariate normal distribution with mean
vector 0 and covariance matrix𝚺 = {(𝜎2

𝜃1
, 𝜌𝜎𝜃1𝜎𝜃2 ), (𝜌𝜎𝜃2𝜎𝜃1 , 𝜎

2
𝜃2
)}. The residuals 𝜀i𝑗′ for continuous outcome are assumed to
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be independent from 𝜽i and 𝜀i𝑗′
iid∼ N(0, 𝜎2

𝜀𝑗′
). In the practice of BR analysis, we propose that q = 2 with one latent variable

for efficacy and one for safety, which leads to 𝝀j = [𝜆j1, 𝜆j2]. By allowing the criteria to follow any distribution in the
exponential family, it is straightforward to modify the model and computational algorithm to accommodate a broad variety
of outcome types. Moreover, because the number of latent variables could be much smaller than the number of observed
outcomes, the MLT model can be used with a large number of criteria for BR analysis and it is more computational scalable
than multivariate marginal and random effects models.

For notational convenience, we let 𝜷 = [𝜷⊤
1 , … ,𝜷⊤

J ]⊤, 𝜷T = [𝜷⊤
tr1
, … ,𝜷⊤

trJ
]⊤, 𝛌 = [𝛌⊤1 , … , 𝛌⊤J ]⊤, and 𝛔𝜀 = [𝜎𝜀1 , … , 𝜎𝜀J ].

Because the MLT model is overparameterized, additional constraints are required to make it identifiable. Often, this is
achieved by fixing some parameters to constants, as suggested in the previous papers where the identifiability constraints
depend on the form of the latent trait model.23,24 In our setting, we fix the upper triangular components of the 𝜆 matrix.
First, the indeterminacy between the latent variable loadings 𝝀 and the scales of the latent variables 𝜽i can be fixed by
setting one element in each column of 𝝀 to be 1. Second, setting the upper diagonal part of 𝝀 to be 0 fixes the rotation
of the latent factor loading matrix and ensures that 𝝀 and residual parameters are identified. For example, when J = 10
and q = 2, we can set the identifiability constraints as 𝜆11 = 𝜆22 = 1, and 𝜆12 = 0. The approach has been extensively
evaluated by the author in previous works and proved as an effective approach to make a latent trait model identifiable.25,26

Let 𝚽 = [vec(𝜷), vec(𝜷T), vec(𝛌),𝛔, vech(𝚺)]⊤ be the parameter vector, where vec(·) is the vector formed by vectorizing
the coefficient matrices, and vech(·) is the vector formed by vectorizing the upper triangular part of correlation matrix.
The density function of the latent variables 𝜽i is p(𝜽i|𝚽) = (2𝜋)−J∕2|𝚺|−1∕2 exp(− 1

2
𝜽⊤

i 𝚺−1𝜽i). Under the local independence
assumption, the joint likelihood function can be written as

L(𝚽) =
I∏

i=1
𝑓 (yi|𝚽) =

I∏
i=1

∫
J∏

𝑗=1
𝑓𝑗(𝑦i𝑗|𝜽i,𝚽)p(𝜽i|𝚽)d𝜽i.

3.2 Stochastic multicriteria acceptability analysis
The BRA is conducted via an SMAA model, which is a variant of MCDA model by considering uncertainty in both crite-
ria measurements and weights. In our proposed SMAA framework focusing on individual outcomes, the criteria values
are assumed to be random variables with joint density distribution f (𝝃ik), which is given by the posterior distribution
p(𝝃ik|Xi,𝜽i,Φ) resulting from the proposed MLT model. The PVFs uj(𝜉ijk) are used to map criteria 𝜉ijk to the same scale.
In this study, we use the linear PVF for simplicity as it can provide a good approximation in most cases.27 Other methods
can support the elicitation of nonlinear PVF28,29 but increase burden on researchers and participants as more preference
elicitation questions are required.

The linear PVF is defined as u𝑗(𝜉i𝑗k) = (𝜉i𝑗k − 𝜉′
𝑗
)∕(𝜉′′

𝑗
− 𝜉′

𝑗
) if the preference direction is increasing; and u𝑗(𝜉i𝑗k) =

(𝜉′
𝑗
− 𝜉i𝑗k)∕(𝜉′′𝑗 − 𝜉′

𝑗
) if the preference direction is decreasing, where 𝜉′

𝑗
and 𝜉′′

𝑗
are the least and most preferable values of

criteria j. Because using scale ranges that are too large causes imprecision for the preference elicitation, it is recommended
that the value (𝜉′

𝑗
, 𝜉′′

𝑗
) could be defined based on the 2.5% and 97.5% quantiles of the criterion j from the observed dataset.7

The realizations that are out of the range are truncated by the values 𝜉′
𝑗

and 𝜉′′
𝑗

. It is also worth mentioning that the same
PVF and least-most preferable values are used across K treatments and all patients.

The preference of patient i can be expressed as subject-specific weights vector wi. A larger weight gives more importance
to the corresponding outcome when assessing the BR profile, and usually, the selection of weights should not be driven
by the observed data from clinical trials. The preferred weights could be collected from trial participants via an explicitly
designed preference study. However, in practice, such weights may not be elicited with a high degree of certainty from
patients, because the patients may not be familiar with the criteria being valued or due to limited cognitive capabilities.
To account for the uncertainty in weights elicitation, SMAA approach considers the weights wi as random variables with
a joint density function f(wi) in the feasible weight space Ω. In a full Bayesian framework, the distribution of the weight
vector f (wi) can be viewed as the prior distribution for the variable wi. Saint-Hilary et al proposed a Dirichlet distribution
for f (wi), which incorporate many merits of the distribution.11 We assume that the weights wi follow Dirichlet(ci · w0

i ),
where w0

i = [w0
i1, … ,w0

iJ]
T , with 0 ≤ w0

i𝑗 ≤ 1 and
∑J

𝑗=1 w0
i𝑗 = 1. Note, the value of w0

i𝑗 reflects the relative importance of
criteria j considered by patient i, and the mean of the weight E(wi𝑗) = w0

i𝑗 . Such prior knowledge of patients preference
(weights) w0

i could be elicited from patient i with the help of swing weighting method,30 in which he/she is asked to judge
the relative importance of the worst-best scale swings. The constant ci can vary from 0 to +∞ and it controls the variance
of the weights that goes to infinity when ci = 0 and to 0 when ci = +∞. Thus, the precision parameter ci can reflect the
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confidence level of patient i in the elicitation of his/her preferences w0
i . A simulation study shows that ci > 50 usually

represents a very strong confidence on the weight elicitation.11 Both ci and w0
i are patient-level data that are collected at

clinical visit or as part of preference study within the clinical trials. This is analogous to conducting a sensitivity analysis
on weight parameters wi based on certain prior knowledge w0

i and further imposing uncertainty on the prior knowledge
via ci.

The BR balance is measured by the utility scores ui(𝝃ik,wi), which are also random variables. The BRA of the treat-
ments on patient i can be 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 k and k′ denoted by
Δui(𝝃ik, 𝝃ik′ ,wi) = ui(𝝃ik,wi) − ui(𝝃ik′ ,wi). In addition, BR profile of the treatments can be assessed by their probabilities
to be the best treatment, the second best, etc, which is referred to as rank acceptability index br

ik in SMAA literature. The
rth rank acceptability index (r = 1, … ,K) for treatment k on patient i is defined as

br
ik = ∫𝝃ik∈𝚵

𝑓 (𝝃ik)∫wi∈Ωr
k(𝝃ik)

𝑓 (wi)dwid𝝃ik,

where Ξ is the feasible space for the criteria, and Ωr
k(𝝃ik) = {wi ∈ Ω ∶ rank(𝝃ik,wi) = r)} that can be interpreted as the

set of weights that enable treatment k to be ranked as rth best treatment given its corresponding criteria values 𝝃ik. The
most preferred treatments are those with high acceptability for the best ranks.

3.3 Model inference and BR calculation
For MLT model fitting, we adopt a Bayesian approach based on Markov chain Monte Carlo (MCMC). We use vague prior
distributions on all elements in parameter vector Φ. Specifically, the prior distributions of parameters in 𝜷, 𝜷T, and latent
variable loadings 𝝀 are N(0, 100). The prior distributions of error variance 𝜎2

𝜀𝑗
, j = 1, … , J are Inverse-Gamma(0.01, 0.01).

The variances of latent variable 𝜎2
𝜃.

in the covariance matrix Σ are assigned Inverse-Gamma(0.01, 0.01) prior distribution,
and correlation coefficient 𝜌 is assigned Uniform(−1, 1). We have investigated other selections of prior distributions and
hyperparameters. For example, we evaluated uniform and half-Cauchy prior distribution instead of inverse-gamma prior
distribution for variance parameters and achieved reasonably similar results. The full conditionals are provided in the
Web Supplement.

The model fitting is performed in Stan by specifying the full likelihood function and the prior distributions of all
unknown parameters. Stan is an open-source, general purpose programming language for Bayesian analysis that, at
the user interface and coding level, has similarities with BUGS31 or JAGS.32 Stan adopts a No-U-Turn sampler (NUTS),
which is an extension to Hamiltonian Monte Carlo (HMC) that avoids random walk behavior by using the gradient of the
log-posterior and eliminates the need to set a number of steps that required in HMC.33 NUTS uses a recursive algorithm
to build a set of likely candidate points that spans a wide swath of the target distribution, stopping automatically when it
starts to double back and retrace its steps.34 Empirically, NUTS offers faster convergence and parameter space exploration
compared with other MCMC algorithms such as Gibbs sampler. We use the Gelman-Rubin diagnostic based on two chains
to ensure the scale reductions R̂ of all parameters are smaller than 1.1.35 To facilitate easy reading and implementation of
the proposed approach, a sample code is provided in the Web Supplement. A list of symbols is also available in Table A1
in Appendix A for easy reference.

After fitting the model MLT using Bayesian approaches, we obtain D (eg, D= 10 000 after burn-in) posterior samples
for the parameters denoted by {�̂�(d), d = 1, … ,D}. To ensure a fair comparison and better BRAs, we predict the response
of the BR criteria of a specific patient in each treatment option, including his/her actual assigned treatment. Specifically,
for patient i in the original study, predictions can be obtained by simply plugging in the covariance vector xi, treatment
indicator Tik, and realizations of the parameters and latent variables {�̂�(d), �̂�

(d)
i , d = 1, …D} obtained from MCMC into a

set of models (1) and (2). For example, the dth predicted value of the continuous criterion j′ under treatment k is obtained
from model (2)

𝜉
(d)
i𝑗′k = x⊤

i 𝜷
(d)
𝑗′ + T⊤

ik𝜷
(d)
tr𝑗′ +

[
�̂�
(d)
i

]⊤
�̂�
(d)
𝑗′ + 𝜀

(d)
i𝑗′ ,

and D predicted values are obtained in total. The residual 𝜀(d)i𝑗′ is sampled from N(0, 𝜎(d)
𝜀𝑗′
), and each parameter is replaced by

the corresponding elements in the dth MCMC sample {�̂�(d), �̂�
(d)
i }. Although patient i was only assigned to one treatment

group in the original study, we can predict his/her BR criteria measurements under other treatments via changing the
indicator Tik in the models accordingly. To predict the criteria for a new patient N, the key is to obtain sample of the



LI ET AL. 3045

subject specific effect 𝜽N. Conditional on the dth posterior sample �̂�(d), we draw the dth sample of the latent variables
vector �̂�

(d)
N from its posterior distribution p(𝜽N |�̂�(d)). Then, the similar procedure could be applied for criteria prediction

�̂�Nk via plugging in {xN ,TNk, �̂�(d), �̂�
(d)
N , d = 1, … ,D} into the models under treatment k (k = 1, … ,K) sequentially.

Calculating the distribution of the difference between the utility scores Δui(𝝃ik, 𝝃ik′ ,wi) and acceptability index br
ik of

patient i involves high-dimensional integrals of criteria and weight distributions on their combined feasible space. In
practice, Monte Carlo simulation is applied for integrals and to obtain sufficiently accurate approximations. Specifically,
the dth predictions of the criteria �̂�

(d)
ik for a given patient i on treatment k (k = 1, … ,K) are estimated from the MLT

model as described above. We draw one sample of subject-specific weight vector w(d)
i from the Dirichlet(ci · w0

i ), and

we calculate the total utility scores ui(�̂�
(d)
ik ,w(d)

i ) and pairwise differences Δui(�̂�
(d)
ik , �̂�

(d)
ik′ ,w(d)

i ) from the random samples.

We repeat the sampling scheme D times and thus obtain D samples of utility scores ui(�̂�
(d)
ik ,w(d)

i ) for each treatment and
corresponding pairwise differences. The estimated utility scores of patient i is calculated by averaging posterior samples

of scores ûi(�̂�ik,wi) =
∑D

d=1ui(�̂�
(d)
ik ,w(d)

i )
D

for treatment k = 1, … ,K. The patient-level acceptability index br
ik is computed

by counting how many times treatment k are ranked at order r for patient i and then divide that number by D. It is
recommended that D = 10 000 Monte Carlo iterations are sufficient to ensure the accuracy of the results.7

4 APPLICATION TO THE CREATINE STUDY

We apply the proposed individual-level BRA method to the creatine study and evaluate whether creatine has a positive BR
balance for patients with Parkinson's disease. The models of efficacy and safety outcomes as introduced in Section 2 are
constructed based on model (1) or model (2) according to the outcome types. We include the following covariates in the
model: baseline age, gender, duration of PD symptoms (in years) at baseline, baseline UPDRS, baseline body mass index
(BMI), daily levodopa equivalent daily dose of background treatment, and treatment index. We use two latent variables
to introduce the correlation among all efficacy and safety outcomes. There are 1652 patients in total (824 in the treatment
arm and 828 in the placebo arm) with no missing value of covariates, which are included in the analyses.

For all results in this section, we run MCMC with overdispersed initial values and for 12 000 iterations. The first 2000
iterations are discarded as burn-in and the inference is based on the remaining 10 000 iterations. The scale reduction R̂
of all parameters are smaller than 1.1, which indicate a good convergence of the simulated chains. The proposed model
conducts regression analysis at subject level and thus is able to provide subject-specific response profiles instead of just
only an overall average picture. Estimates of the key parameters in the model are presented in Table 1. Specifically,
creatine does not provide a significant improvement, comparing with placebo, on the primary efficacy endpoints. It sig-
nificantly increases the risk of experiencing creatinine increase in blood, oedema, and diarrhea. Although not significant,
a weak negative correlation (𝜌) between the efficacy and safety latent variables indicates that patient with positive effi-
cacy response to creatine is less likely to experience adverse events. For each patient in the dataset, we predict their 10 BR

TABLE 1 Creatine study: treatment effects on the efficacy and safety criteria

Outcome Parameter Mean SD 2.5% 97.5%

SEADLS 𝛽tr1
0.219 0.130 −0.030 0.472

PDSI 𝛽tr2
−0.552 0.579 −1.756 0.536

AC 𝛽tr3
0.688 0.610 −0.517 1.857

SDMT 𝛽tr4
0.104 0.515 −0.910 1.094

MRS decrease 𝛽tr5
0.066 0.204 −0.330 0.474

Creatinine increase in blood 𝛽tr6
1.217 0.424 0.414 2.096

Weight increase 𝛽tr7
0.359 0.297 −0.218 0.944

Oedema 𝛽tr8
1.165 0.336 0.524 1.823

Muscle spasms 𝛽tr9
−1.414 1.827 −6.314 1.166

Diarrhea 𝛽tr10
0.395 0.174 0.061 0.731

Latent variables 𝜎𝜃1
2.835 0.258 2.382 3.372

𝜎𝜃2
0.490 0.351 0.153 1.371

𝜌 −0.135 0.403 −0.783 0.652
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FIGURE 1 Boxplots of the posterior means of the predicted criteria for all patients in the dataset

criteria values under both drug and placebo scenarios using the posterior samples of the parameters. The posterior means
of the predicted criteria for all patients are plotted in Figure 1. The 2.5% and 97.5% quantile of the prediction for each
criterion are used as the least-most preferable values in the following BRA.

To illustrate a personalized BRA, we set aside two patients (denoted as A and B) from the creatine study and predicted
their 10 criteria under treatment arm �̂�Ac and under placebo arm �̂�Ap as described in Section 3.1. The two patients A and
B are same in age (73 years old), gender (male), and race (white) and have similar years of PD symptom, BMI. However,
the baseline UPDRS score of patient A is higher than that of patient B (44 vs 21), which indicates a worse disease status
of patient A. In the second step, we incorporate patient preference in BRA via individualized SMAA model. We ask the
clinician to represent the two patients and to judge the relative importance of the 10 criteria. A weight vector w0 is elicited
using swing weighting method and presented in Table B1 in Appendix B. For example, improving SEADLS from the
worst to the best is w0

1
w0

2
= 0.15

0.10
= 1.5 times important than improving PDSI from the worst to the best, considered by the

clinician. For demonstration purpose, we assume the weight preferences of patient A and B are well represented by the
clinician's elicitation, ie, w0 = w0

A = w0
B, but with a large uncertainty, ie, cA = cB = 1. We draw 10 000 samples from

Dirichlet(cA ·w0
A), which have the same sample size as predicted criteria. We use the confidence factor cA = 1 as baseline

and conduct the sensitivity analysis on the selection of cA ∈ [1, 50]. Based on the samples, the utility scores and rank
acceptability indices are obtained as described in Section 3.3. The analyses are conducted for patient B in the same fashion.

The rank acceptability indices resulting from the analysis with cA = cB = 1 are visualized as bar charts in the panel (A)
of Figure 2. The acceptability of creatine as a better treatment for patient A is 0.68. However, placebo is likely to be
accepted as a better option by patient B as the first rank acceptability index of creatine is only 0.48. The distributions of
the differences in utility scores, creatine compared to placebo, are displayed in panel (B) of Figure 2. The creatine has
a slightly better BR balance than placebo for patient A as the median of the score difference is positive. The results of
sensitivity analysis of confidence factor cA and cB are presented in panel (C) of Figure 2. As the confidence about weight
elicitation increases, the first-rank acceptability index for each alternative converges quickly, remaining stable for cA and
cB greater than 20. Based on the results, physicians are more likely to recommend creatine to patient A, but not patient
B. These results may facilitate the decision process for patient A and B, since the suggestions are made based on their
personalized response profiles and preferences.

To inform a population-level benefit risk assessment, the similar personalized SMAA procedure are repeated to all the
patients in the original dataset. Because the patient preference data was not collected for all subjects, we generate the data
and demonstrate the approach via simulation. We introduce individual-level difference in patient preference via sampling
initial weights for each patient based on the weights w0 and confidence factor c0 = 10 elicited by the clinician, ie,
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FIGURE 2 Individualized benefit-risk profile for patient A (first column) and patient B (second column). Panel (A): rank acceptability
indices of creatine and placebo at cA = cB = 1. Panel (B): distribution of differences in utility scores (creatine vs placebo). Panel (C): first
rank acceptability index for each alternative with confidence factor about weight cA and cB range from 1 to 50 [Colour figure can be viewed at
wileyonlinelibrary.com]

w0
i ∼ Dirichlet(10w0), (i = 1, … , I), and sample the corresponding confidence factor ci from an uniform distribution with

range [1, 10]. Then, the samples are used in SMAA model. The differences in utility scores and the first rank acceptability
indices of creatine for each individual patient are calculated and the densities are plotted in Figure 3. As shown in the
left panel, for most patients, the difference in utility scores between creatine and placebo is negative, which indicates a
lower utility score of creatine when compare to that of placebo. Majority of the patients have the first rank acceptability
index of creatine b1

ic less than 0.5 as shown in the right panel. The acceptability of creatine as the best treatment varied
among the patients with mean as 0.44, standard deviation as 0.21, and median as 0.44. It suggests that benefit does not
outweigh the risk for creatine compared to the placebo for most patients. The reason for this may be that creatine has a
limited overall effect on impeding PD progression.19 However, the personalized BR profile may help to identify a subgroup
of patients who may experience greater benefits without associated increase in risks. The patients with b1

ic greater than
0.5, on average, have a higher baseline UPDRS and baseline BMI, compared to patients with b1

ic less than 0.5.

http://wileyonlinelibrary.com


3048 LI ET AL.

FIGURE 3 Population-level benefit-risk profile. Left panel: difference in utility scores Δûi(𝝃ic, 𝝃ip,wi) of all patients. Right panel: the first
rank acceptability index of creatine b1

ic of all patients [Colour figure can be viewed at wileyonlinelibrary.com]

5 DISCUSSION

In this paper, we proposed a novel individual-level multicriteria BRA approach for combining clinical data and patient
preference into one value metric. Such a patient-centric approach contributes to the ongoing attempts to integrate
patient preference research in medicines assessment. We illustrated how it could facilitates decision-making from patient
perspective. Such a focus and approach have not been reported in previous literature.

The proposed MLT-SMAA model allows a combination of statistical data from clinical trials and information from
patient preference, with the preference used as weights to scale differences in probability or severity of benefits and risk
to reflect their importance to patients. Compared with existing approaches based on group summary data, our model is
based on individual-level data that accounts for heterogeneity within the population, thereby enabling more accurate esti-
mates and predictions of the BR balance. Moreover, the proposed approach accounts for the correlation among outcomes
through a latent trait model. By introducing two latent variables to represent efficacy and safety domains, respectively, we
can assess the association between benefits and risks of the drug. A negative association between the two latent variables
may suggest that patients who benefit from treatment may be less likely to experience the specific risks, and considering
the individual differences in drug BRA would be necessary. The value of an individual-level BRA is identifying a subgroup
of patients, even if a minority, who are most likely to benefit from a product and willing to accept the risk for the benefits
it offers.36 This will make the treatment particularly appealing to these subgroups.

There are several limitations and extensions we would like to address in the future work. First, our model relies on
a single trial to evaluate the comparative BR profiles of the alternatives. In most cases, the evidence may accumulate
from multiple randomized clinical trials and even post-market observational studies, mainly on their safety. This suggests
that some form of evidence synthesis is required for the assessment of a treatment's performance. The proposed MLT
model based on a Bayesian generalized mixed model framework can easily incorporate meta-analytical approaches that
model study heterogeneity. Second, the proposed method was demonstrated using data at the primary endpoint. However,
the trade-off of benefit and risk may change over the course of the trial, especially in long-term trials. To this end, we
can extend the proposed MLT model to incorporate the longitudinal outcomes of the patients and enable the criteria
prediction for a given patient and SMAA analysis be updated dynamically. Third, we simply use two latent variables to
represent efficacy and safety latent states with an underlying assumption of similar behavior of all efficacy outcomes to
each other and all safety outcomes to each other. A more objective way of determining the number of latent variables
may be based on the pharmaceutical property of a specific drug and need further investigate. However, a larger number
of latent variables or even high-dimensional latent variables vector may cause a serious concern of computational time.
Future work focusing on variational Bayesian inference or other approximation may address the computational issues.
Moreover, the creatine case study was not designed and powered to assess the BR balance of creatine. Rather, it served to
illustrate many of the ideas in patient-centered BR using the proposed method in one simplified example. We selected the
criteria according to the statistical analysis plan of the original study, the consideration on how to select the efficacy and
safety has been thoroughly discussed by many researchers.37,38 The patient preference was elicited using multicriterial

http://wileyonlinelibrary.com


LI ET AL. 3049

decision analysis swing weighting method in our model. Some practical considerations were discussed in the work of van
Valkenhoef and Tervonen.39 Discrete choice experiments is another promising method for capturing patient preferences,
which could perform better when sample size is large and the criteria are expected to be easy for the patients to value.40

We will investigate other methods for weight elicitation in the future work.
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APPENDIX A

TABLE A1 List of symbols

Notation

K Number of treatment
J Number of outcomes or criteria
I Number of subjects
𝜉ijk Value of criterion j of treatment k on patient i
uj(𝜉ijk) Partial value function that normalizes the criterion j
wij Relative importance of criterion j
yij Observed value of clinical outcome j of patient i
xi Baseline covariates of patient i
Tik Vector of dummy variables that indicates treatment k
w0

i Patient preference elicited by patient i
ci Confidence factor denotes how confidence of patient i about the elicited weight
𝜽i Subject-specific latent variables shared by all J outcomes
𝜷 j Coefficients of fixed effects on outcome j
𝜷 tr𝑗 Coefficients of treatment effect on outcome j

𝝀j Latent variable loadings linking 𝜽i to outcome j
Φ Vector of unknown parameters
𝜉′𝑗 , 𝜉

′′
𝑗 The least and most preferable values of criteria j

ui(𝝃ik,wi) Utility score of treatment k on patient i
Δui(𝝃ik, 𝝃ik′ ,wi) Difference in utility scores between treatments k and k′ on patient i
br

ik rth rank acceptability index (r = 1, … ,K) of treatment k on patient i
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TABLE B1 Relative importance of the criteria elicited by clinician

Criteria Value Weights (w0)

Efficacy Schwab and England Activities of Daily Living Scale (SEADLS) CFB 1-100 0.15
PDQ-39 Summary Index (PDSI) CFB 0-100 0.10
Ambulatory capacity (AC) CFB 0-20 0.20
Symbol Digit Modalities Test (SDMT) CFB 0-110 0.10
Modified Rankin Scale (MRS) decrease 0 or 1 0.10

Safety Creatinine increase in blood CFB 0 or 1 0.10
Weight increase 0 or 1 0.05
Oedema 0 or 1 0.05
Muscle spasms 0 or 1 0.10
Diarrhea 0 or 1 0.05

CFB: change from baseline.

APPENDIX B

• Schwab and England Activities of Daily Living: an assessment of an individual's ability of function in activities of daily
living.

• PDQ-39 Summary Index: test scores indicating the impact of Parkinson's disease in eight important areas of health
status.

• Ambulatory capacity: the sum of five questions from the UPDRS.
• Symbol Digit Modalities Test: screening instrument to assess neurological dysfunction.
• Modified Rankin Scale: measures degree of disability and dependence after a stroke.
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