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Abstract
Background Health-related quality of life (HRQoL) is a key outcome in cost-utility analyses, which are commonly used 
to inform healthcare decisions. Different instruments exist to evaluate HRQoL, however while some jurisdictions have a 
preferred system, no gold standard exists. Standard meta-analysis struggles with the variety of outcome measures, which 
may result in the exclusion of potentially relevant evidence.
Objective Using a case study in multimorbidity, the objective of this analysis is to illustrate how a Bayesian hierarchical 
model can be used to combine data across different instruments. The outcome of interest is the slope relating HRQoL to the 
number of coexisting conditions.
Methods We propose a three-level Bayesian hierarchical model to systematically include a large number of studies evalu-
ating HRQoL using multiple instruments. Random effects assumptions yield instrument-level estimates benefitting from 
borrowing strength across the evidence base. This is particularly useful where little evidence is available for the outcome 
of choice for further evaluation.
Results Our analysis estimated a reduction in quality of life of 3.8–4.1% per additional condition depending on HRQoL 
instrument. Uncertainty was reduced by approximately 80% for the instrument with the least evidence.
Conclusion Bayesian hierarchical models may provide a useful modelling approach to systematically synthesize data from 
HRQoL studies.
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1 Introduction

Health economic evaluations such as cost-utility analysis 
(CUA) play an important role in informing reimbursement 
decisions in many jurisdictions [1, 2]. A CUA compares 
the incremental cost of a programme with its incremental 
health benefit to determine the overall value of the pro-
gramme. Health benefit is typically measured in the form 
of quality-adjusted life-years (QALYs), taking into account 
quality as well as quantity of life [2]. Many measures exist to 
assess quality of life (QoL), and health-related quality of life 
(HRQoL) in particular. One can distinguish between psy-
chophysical measures, for example the 36-item short form 

survey (SF-36) [3] or the WHOQoL-BREF, a 26-item QoL 
instrument developed by the World Health Organisation [4], 
and preference-based measures, such as the EQ-5D index 
value developed by EuroQol [5] or the SF-6D [6]. Psycho-
physical instruments measure QoL as perceived by the indi-
vidual, while preference-based instruments use population 
preferences between health states to value an individual’s 
QoL.

In most countries, the preferred utilities used in CUAs 
are societal preferences elicited from hypothetical scenar-
ios/health states described by HRQoL measures, such as 
the EQ-5D, SF-6D or the Health Utilities Index (HUI) [7]. 
Health states are usually defined by the level of performance 
ability in a number of health dimensions. HRQoL instru-
ments differ in the number of dimensions and levels used to 
define health states, as well as in the methodology applied 
to elicit preferences between those states. For example, 
the EQ-5D considers five dimensions (mobility, self-care, 
usual activities, pain/discomfort and anxiety/depression) 
with three levels each (no problems, some problems, unable 
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Key Points for Decision Makers 

Bayesian hierarchical models provide an alternative 
approach to synthesising evidence from utility stud-
ies. Such models systematically include evidence from 
studies applying different assessment methodologies, 
while borrowing strength across instruments may reduce 
uncertainty on instrument level.

Reduced uncertainty in instrument-level estimates can 
reduce decision uncertainty in cost-utility analyses sup-
porting reimbursement decisions. This is particularly 
beneficial where little evidence exists for the instrument 
of interest.

Multimorbidity affects quality of life; our model esti-
mates a reduction in quality of life in patients suffering 
from multimorbidity of 3.8–4.1% per additional disease, 
depending on the quality-of-life instrument.

Systematic reviews and meta-analyses (MAs) have 
become standard tools to inform evidence-based healthcare 
decisions, and are often deemed to be the highest level of 
evidence [16]. However, MA of utility studies are less com-
mon and remain difficult, mainly due to the high hetero-
geneity between studies caused by inherent differences in 
the populations studied, as well as the methodology used to 
derive utility measures. A recent publication by Petrou and 
colleagues highlights the challenges and limitations of syn-
thesising evidence of health state utilities [17]. They suggest 
the use of mixed effects meta-regression models to identify 
factors influencing utility estimates, in addition to standard 
fixed or random effects MA. Nevertheless, these methods are 
still limiting the inclusion of studies to those using compa-
rable methods to derive utility values.

With this paper, we wish to illustrate how Bayesian hier-
archical models can provide an alternative approach to syn-
thesising evidence on utility parameters, allowing for the 
systematic inclusion of data from different preference-based 
utility measures. While acknowledging differences between 
alternative preference systems, such models utilise correla-
tions between outcomes and thereby allow for borrowing 
strength across the entire evidence base. Our model will 
be illustrated using a case study in multimorbidity (MM). 
MM is usually defined as the co-occurrence of two or more 
chronic conditions within an individual [18]. The prevalence 
of MM in the general population increases rapidly with age 
and estimates vary largely. Most studies estimate the preva-
lence in a population aged 60 years and older as above 50%, 
and up to 99% in some cases [19–22]. MM poses a signifi-
cant burden on patients and society, with poor QoL together 
with disability and high healthcare costs [23].

A recent comprehensive systematic review identified 
studies evaluating the effect of MM on QoL [24]. Frequentist 
MA for individual QoL instruments confirmed the negative 
impact, estimating a decline ranging from 1.6% in QoL per 
additional disease for the mental component score (MCS) of 
the SF questionnaire (pooled across versions SF-36, SF-12, 
SF-8) and 4.4% for the physical component of the World 
Health Organisation’s QoL instrument (WHOQoL-BREF). 
Generally, physical dimensions of wellbeing appeared to be 
more strongly affected by additional diseases than mental 
dimensions. The analysis presented in this paper is based on 
the data extracted from the review by Makovski et al. [24].

Section 2 of this paper provides a brief theoretical over-
view of alternative approaches to MA, with a focus on 
HRQoL studies. Section 3 describes the methods used for 
our case study, the results of which are displayed in Sect. 4. 
A discussion on the conclusions, advantages and limitation 
is given is Sect. 5.

to perform), resulting in a total of 243 health states (EQ-
5D-3L); preferences are elicited using time trade-off [8]. A 
new version of the EQ-5D has now been developed allowing 
for five levels (no, slight, moderate, severe or extreme prob-
lems) in each dimension, defining 3125 unique health states 
(EQ-5D-5L) [9]. The SF-6D is based on the generic SF-36 
or the abbreviated 12-item SF-12 profile measures [6, 10]. It 
considers six dimensions (physical functioning, role limita-
tions, social functioning, pain, mental health and vitality), 
allowing for four to six levels in each dimension, defining a 
total of 18,000 health states, preferences for which standard 
gamble is the chosen elicitation method [11].

Selecting relevant data to inform utility parameters for 
CUA is of key importance as outcomes are often sensitive to 
these parameters. The choice of instrument may depend on a 
preferred measure by the decision maker, data availability, or 
the condition under investigation. Where HRQoL data were 
collected alongside major clinical trials informing effective-
ness in the model, those may provide the most accurate esti-
mates for the population under investigation. Mappings or 
crosswalks may be applied, where the collected outcome is 
not the preferred outcome of interest [12].

Regardless of which outcome scale is chosen, utility input 
parameters should be evidence-based and informed by all 
relevant evidence. Many jurisdictions therefore request a 
systematic review of the literature to identify additional data 
sources, including the National Institute for Health and Care 
Excellence (NICE) in the UK, and the National Centre for 
Pharmacoeconomics (NCPE) in Ireland [13, 14]. A guide on 
performing a systematic search for health state utilities can 
be found in the review by Ara et al. [15].
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2  Meta‑Analysis of Utility Data

MA has been developed to combine outcomes from sev-
eral randomised controlled trials investigating the effect of 
interest to obtain an overall effect estimate [25]. Motivation 
behind an MA is to not only increase power and improve 
precision through increased sample size of the combina-
tion of individual studies, but also to obtain an overall value 
measuring the effect incorporating all available evidence. 
Many articles and books explain the theory behind MA; a 
nice overview is given, for example, by Deeks et al. [26]. 
All approaches estimate an overall effect size as a pooled 
estimate of the study-level effects, either assuming no sys-
tematic differences between trials (fixed effects assumption 
[FE]) or allowing for between-trial heterogeneity (random 
effects assumption [RE]). A common approach of weighing 
the individual studies is the inverse-variance method, which 
can be adjusted to incorporate between-trial variance for 
an RE model [27]. Standard MA models can be extended 
to models that are more complex. Network meta-analysis 
(NMA) allows for the estimation of relative effects in a net-
work of multiple treatments utilising direct and indirect evi-
dence [28, 29]. Meta-regression allows for the adjustment 
for heterogeneity by trial-level covariates [30]. While useful 
for the explanatory investigation of heterogeneity, outcomes 
of meta-regression should be interpreted with care due to 
its observational nature (even when conducting an MA of 
randomised controlled trials) and the risk of ecological fal-
lacy. Both, FE and RE models can be extended to meta-
regression; the extension of RE models is also known as 
mixed-effects meta-regression due to the dual explanation of 
heterogeneity by RE and covariate information [17].

Bayesian MA models are a widely used alternative to fre-
quentist models. Improvements in computational power have 
led to the development of very flexible models, which are 
commonly used, especially in the context of more complex 
modelling such as NMA [29, 31, 32]. The incorporation of 
multiple sources of evidence fits naturally within the Bayes-
ian framework, which builds on the incorporation of exist-
ing or prior knowledge. In contrast to frequentist models, 
Bayesian models incorporate prior knowledge in the form 
of a prior distribution, and communicate outcomes in the 
form of probability statements. Non-informative prior dis-
tributions are commonly used to limit the impact of choice 
of prior distributions. Frequentist and Bayesian FE and 
RE MA models usually yield very similar results in this 
case. Nevertheless, an informative prior distribution can be 
of interest in the context of MA, in situations where few 
trials limit the power to accurately estimate between-trial 
variance in an RE model. Bayesian MA models can be eas-
ily extended to meta-regression, explaining heterogeneity 
caused by potential confounders, similar to the frequentist 

approach [30]. Three-level hierarchical models have been 
previously applied to incorporate evidence sources of vari-
ous designs [33, 34].

The applicability of standard MA methods in synthesis-
ing evidence from multiple utility studies is limited to the 
incorporation of studies that have applied similar assessment 
methods [17]. Naïve pooling across different measures can-
not be recommended since comparative studies have shown 
the existence of differences between instruments (see, for 
example [12, 35–37]). In practice therefore, many evalua-
tions are based on a single or very few utility studies. Espe-
cially in situations where little data are available for the cho-
sen outcome measure, this may result in high variance of 
utility input parameters and therefore increased uncertainty 
in CUA results. Petrou et al. suggested the use of meta-
regression to identify methodological factors with significant 
impact on utility estimates to either inform subgroup analy-
ses or rely on predicted values of the meta regression [17].

We argue that a Bayesian three-level hierarchical model 
provides a useful alternative to synthesising utility data. 
Such a model introduces an outcome scale level between the 
two standard levels of MA models (the trial and overall lev-
els), equivalent to the study type level reported by Schmitz 
et al., where such models were applied for the incorporation 
of evidence of different trial designs [34]. Estimates from 
different outcome scales are combined using an RE assump-
tion. This allows for differences between scales, while 
assuming that mean outcome scale estimates are drawn 
from a common normal distribution. The precision of this 
distribution is driven by the data itself, with increased pre-
cision with decreasing differences between outcome scales. 
This way, outcome-level estimates benefit from borrowing 
strength across different outcomes yielding increased preci-
sion. Estimates are also drawn towards the overall mean QoL 
across instruments. The level of borrowing strength depends 
on the between-outcome heterogeneity. The approach can 
be especially useful where little information is available for 
the outcome of interest and where lack of individual patient-
level data does not allow for a mapping from alternative 
outcomes.

3  Methods

3.1  Data

A systematic search of the published literature was con-
ducted to identify eligible studies reported according to 
Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses (PRISMA) guidelines [38]. The first search 
was carried out in November 2016 and last updated in Sep-
tember 2018. Studies were considered for MA if they either 
reported a linear regression relating a validated HRQoL tool 
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to MM as defined by the number of conditions, or if reported 
data allowed for the calculation of a linear slope parameter. 
Studies with index diseases or specific disease patterns were 
excluded. Further details on the systematic review, includ-
ing the PRISMA diagram and search strategy, are published 
elsewhere [24]. For the purpose of the present analysis, 
inclusion is further restricted to studies reporting preference-
based HRQoL measures, or studies reporting the MCS and 
the physical component score (PCS) summarising outcomes 
of the SF-36 (or SF-12). Studies reporting PCS and MCS 
were further excluded if information on mean age and pro-
portion of female participants is not reported, as these are 
needed for the transformation to a preference-based scale, 
as described in the next section. Relevant data extracted for 
the present analysis include title and author, mean age of 
the study population, proportion female and mean number 
of diseases per subject. If not reported, we calculated the 
mean number of diseases based on MM group sizes. In some 
instances, this resulted in a lower bound estimate since the 
most severe group of MM was defined as ‘x diseases or 
more’, while our estimation assumes all subjects to suffer 
from ‘x’ diseases in these cases. We extracted the mean and 
standard error of the slope parameter relating HRQoL and 
MM. Slopes adjusted for confounders were selected where 
possible, otherwise unadjusted slopes were recorded. Where 
neither was reported, we extracted the mean HRQoL, associ-
ated variance and number of patients for each MM group in 
order to estimate a slope ourselves.

3.2  Statistical Analysis

3.2.1  Slope Estimation

Where no slope relating HRQoL to the number of diseases 
was reported, we estimated a slope based on the data avail-
able using weighted linear regression, where possible. Using 
the HRQoL reported in each MM group (as defined by the 
number of conditions) and the number of patients in each 
group as weights, we obtained an estimate of the slope. 
Where the number of patients per group was not reported, 
we used the inverse variance as weights. Where data were 
provided for broader groups (e.g. 0–2 conditions, 3–5 con-
ditions, etc.), we used the midpoint. To adjust for the small 
degrees of freedom in the group regression, we retrieved the 
standard error of the slope parameter using the within-group 
variation. Analyses were conducted using R and Microsoft 
 Excel® [39].

3.2.2  SF‑36 Transformation

Many studies identified in the literature review used the 
SF-36 questionnaire, or the shorter SF-12 version, to 
assess HRQoL [3]. The SF-36 provides a useful descriptive 

measure of HRQoL, however it is not based on a popula-
tion’s preferences and hence cannot be used in CUAs. How-
ever, the SF-6D is a common preference-based measure of 
HRQoL and uses information from the SF-36 for its health 
state definitions. It was first developed by Brazier et al. for 
the SF-36 questionnaire, and later followed a version for the 
shorter SF-12 [6, 10]. Most studies reporting the SF-36 or 
SF-12 provide two summary scores, the PCS and the MCS. 
We applied an algorithm developed by Hanmer to predict 
average SF-6D scores based on these summary scores, to 
allow for the inclusion of studies reporting SF-36 or SF-12 
summaries in the MA [40]. No such algorithm exists for the 
SF-8, therefore studies reporting the SF-8 were excluded. 
The algorithm predicts the average SF-6D based on mean 
age, proportion female, and MCS and PCS scores:

where MCS and PCS values were reported by the MM group 
(i.e. separate for each number of diseases); we transformed 
each individual value and fitted a weighted regression as for 
the other outcomes. Where only the slope for MCS and PCS 
was reported, we transformed fitted values based on a refer-
ence value of 50, and fitted a slope using weighted regres-
sion. The reference value of 50 was chosen as MCS and PCS 
values in the general US population are normed to have a 
mean of 50; however, as we are only interested in the decline 
and not in absolute values, any reference value could be cho-
sen. Since within-group variances could not be recovered for 
transformed values, the standard error for the transformed 
slope was assumed to be the same as the maximum standard 
error of the untransformed slopes directly relating MCS or 
PCS (normalised to 0–1) with disease count.

3.2.3  Meta‑Analysis

Bayesian MA models were fitted in WinBUGs using the 
R2WinBUGs package in R [39, 41, 42].

In a first step, we fitted individual models for each pref-
erence-based HRQoL outcome. Predicted SF-6D studies 
using the Hanmer algorithm were analysed separately from 
those reporting SF-6D values in the publication directly. 
All HRQoL measures were normed to the same scale of 
0–1. The outcome of interest was the slope relating HRQoL 
outcome to number of diseases. We assumed a normal like-
lihood for the slope parameter and fitted a random effects 
model to allow for the heterogeneity between studies. A nor-
mal prior distribution with a mean of 0 and precision of 0.01 
( N(0, 0.01) ) for the slope parameter, and a uniform prior on 
the interval (0, 2) [ U(0, 2) ] for the between-study standard 
deviation (SD), were assumed to be non-informative. Results 
were displayed as posterior distributions and summarised in 
terms of mean and SD.

SF-6D = − 0.06446 − 0.00328 × (Female) + 0.00012 × (age)

+ 0.00946 × (MCS) + 0.00781 × (PCS),
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Three-level hierarchical models have been used in the 
past, for example to combine data from different trial 
designs [34, 43]. Such models explicitly allow for differ-
ences between groups of studies using a random effect on 
these differences. We applied such a model to allow for the 
analysis across all preference measures within one model. 
This allows for borrowing strength across the different meas-
ures, thereby reducing uncertainty for measures with little 
evidence. While the model allows for differences between 
the outcome measures, a certain similarity is assumed as per 
the random effects assumption. While the separate analyses 
pose an independent non-informative prior on the respec-
tive outcomes, the slopes estimated for each outcome in the 
three-level model are assumed to all come from a normal 
distribution, where the variance describes the heterogeneity 
between the outcomes. We used a non-informative prior for 
the heterogeneity between outcomes ( N(0, 0.01) ). Therefore, 
the effect of borrowing strength across the dataset will be 
weaker where different outcomes provide rather different 
results, and stronger where results are more similar across 
outcomes. The complete WinBUGs code is available as elec-
tronic supplementary material (ESM) 1. We display the pos-
terior distribution of the slope parameters, both on HRQoL 
measure level and overall level, and further summarise out-
comes using mean and credible intervals.

One could argue that the model underestimates the 
uncertainty in estimates derived by the Hanmer algorithm. 
Through variance inflation, it is possible to adjust weights 
given to particular outcomes. In addition to the unadjusted 
analysis, we also present results down-weighting the evi-
dence derived from SF-36/12 studies by 30%.

For completeness, we also fitted frequentist MAs using 
the metafor package in R [44].

4  Results

4.1  Study Details

The literature review identified 74 studies evaluating QoL in 
patients with MM, 39 of which were included in the frequen-
tist MA reported by Makovski et al. [24]; 35 were excluded 
from the quantitative analysis due to insufficient outcome 
data or insufficient number of studies reporting on the same 
MM and QoL measure. Of these 39 studies, 31 studies were 
conducted in the non-hospital setting, measured MM as dis-
ease count and used either a preference-based QoL measure 
or reported MCS and PCS summary scores for the SF-36 or 
SF-12, together with information on mean age and propor-
tion female. These 31 studies were included in the analysis 
of this article; study details are summarised in Table 1. Note 
that one study is included twice as it reports on both SF-6D 
and EQ-5D outcomes [45]. ESM 2 and 3 detail the PRISMA 

flow diagram, as well as reasons for exclusion in the current 
analysis.

Three studies report SF-6D as an outcome directly, 19 
studies report EQ-5D, and, for 10 studies, we transformed 
MCS and PCS data to SF-6D scales using the Hanmer trans-
formation described above. The smallest study analysed 37 
subjects, while the largest study included 831,537 subjects. 
Covariates show high heterogeneity between the studies: 
average age ranged from 40 to 94 years, the proportion of 
females ranged from 49 to 100% (except for one study with 
4% female participants [46]) and the average number of dis-
eases per subject ranged from 0.4 to 7. This high variation is 
also observed within each HRQoL scale, indicating a similar 
heterogeneity for all HRQoL instruments.

4.2  Statistical Analysis

In a first step, all three outcome measures (SF-6D, EQ-5D 
and SF-36/SF-12) have been analysed separately using 
standard Bayesian MA models. The results of these indi-
vidual analyses are summarised in the first row of Table 2 
(independent effects) and Fig. 1a.

All QoL scales indicate a decline in QoL as the number 
of conditions increase. The largest effect is observed for 
EQ-5D, indicating a decline of 4.17% per additional disease 
(slope − 0.0417 [SD 0.008]). Estimates based on the trans-
formed SF-36/12 summaries and those directly reporting 
SF-6D are very similar, indicating a decline of 3.62% and 
3.57%, respectively (slope SF-36/12 − 0.0362 [SD 0.012], 
and SF-6D − 0.0357 [SD 0.160]). This similarity in out-
comes somewhat validates the transformation proposed by 
Hanmer et al. to provide valid estimates of SF-6D based on 
SF-36/12 summary measures. While EQ-5D and SF-36/12 
summaries estimate slopes, which are significantly negative, 
the SF-6D slope is not significant due to the increased uncer-
tainty caused by the smaller number of studies included in 
this analysis. This reduced precision becomes obvious when 
looking at the posterior distributions in Fig. 1a.

In a second step, all studies have been analysed jointly in 
the previously described three-level hierarchical model. The 
results are summarised in Table 2 (row 2, shrunken effects), 
as well as Fig. 1b, c. Point estimates have changed slightly; 
the EQ-5D estimate now indicates a decline of 4.11% per 
additional disease, the SF-36/12 transformed data indi-
cates a decline of 3.77%, and the SF-6D indicates a decline 
of 3.96%. Compared with the independent effects, these 
results are shrunken towards the overall average; shrink-
age is strongest for SF-6D, where the least evidence is pro-
vided. Borrowing strength by jointly analysing all studies 
also results in a reduction in uncertainty for all QoL scales; 
again, the effect is strongest for SF-6D, where the SD of the 
slope reduced over 80%, from 0.16 in the independent analy-
sis to 0.029 in the joint analysis. The effect of shrinkage and 
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borrowing strength can be easily observed when comparing 
Fig. 1a, b. The pooled effect across all three QoL scales 
indicates a reduction of 3.84% per additional disease.

Down-weighting evidence derived using the Hanmer 
transformation had little impact on the results (see Table 2, 
row 3). Reducing weight by 30% produced slightly less 
shrinkage towards the overall effect for the SF-6D data, and 
slightly less reduction in uncertainty.

The frequentist analysis is reported in Table 2, row 4. 
Outcomes for the EQ-5D and SF-36/12 are very similar to 
the independent Bayesian analysis. A much smaller uncer-
tainty is observed for the SF-6D analysis, compared with 
the Bayesian analysis. This is caused by the stronger influ-
ence of the prior distribution in the Bayesian case, which 
was chosen to be very broad. A naïve pooling of all studies 
results in an overall estimate with much less uncertainty 
compared with the Bayesian hierarchical model. However, 

Table 1  Study demographics

SE standard error, NA not available, GR group regression, HT Hanmer transformation, Pub published, QoL quality of life
a Standard error estimated via group regression as not reported for published slope
b Standard error could not be estimated due to missing group sizes
c Standard error could not be estimated due to missing group variances
d Median

Authors QoL outcome Slope (SE) N Age (mean) Female (%) No. of 
diseases 
(mean)

Source slope

1 Barra et al. [45] SF-6D − 0.0224 (0.0003)a 39,817 45.4 54.5 3.3 Pub
2 Hanmer et al. [47] SF-6D − 0.0247 (NA)b 95,195 72.3 54.4 NA GR
3 Lawson et al. [48] SF-6D − 0.0736 (NA)c 7054 72.7 NA 0.7 GR
4 Agborsangaya et al. [49] EQ-5D − 0.0438 (0.0016) 4752 47.7 55.7 1.3 GR
5 Agborsangaya et al. [50] EQ-5D − 0.0428 (0.0023) 4946 46.6 52.3 0.7 GR
6 Alonso-Morán et al. [51] EQ-5D − 0.0257 (0.0028) 1125 NR 82.1 4.7 Pub
7 Barra et al. [45] EQ-5D − 0.0271 (0.0004) 39,817 45.4 54.5 3.3 Pub
8 Ferrer et al. [52] EQ-5D 0.013 (0.024) 37 94.3 68.0 NA Pub
9 Gerber et al. [53] EQ-5D − 0.0230 (0.0067) 104 77.0 72.1 2.6 GR
10 Heyworth et al. [54] EQ-5D − 0.079 (0.0051)a 4836 47.9 54.9 0.6 Pub
11 Hodek et al. [55] EQ-5D − 0.0120 (NA)c 2120 76.3 53.7 1.8 Pub
12 Kim et al. [56] EQ-5D − 0.0281 (NA)c 1419 72.4 60.7 3.9 GR
13 Lang et al. [57] EQ-5D − 0.0960 (NA)c 3058 53.4 100 1.1 GR
14 Li et al. [58] EQ-5D − 0.1095 (0.0010) 27,806 NA 56.3 1.5 GR
15 Mujica-Mota et al. [59] EQ-5D − 0.1185 (NA)c 831,537 NA 51.0 0.9 GR
16 Quah et al. [60] EQ-5D − 0.0185 (0.0011) 498 73.9 49.0 3.6 GR
17 Rabadi and Vincent [46] EQ-5D − 0.0132 (0.0017) 170 69.4 4.0 4.8 GR
18 Sakthong et al. [61] EQ-5D − 0.0200 (NA)b 1156 50.4 52.0 2.3 GR
19 Sullivan et al. [62] EQ-5D − 0.0364 (NA)c 47,178 45.0 52.0 1.8 GR
20 Vogel et al. [63] EQ-5D − 0.05 (0.0102) 103 70.0 53.4 4.2 Pub
21 N’Goran et al. [64] EQ-5D − 0.0215 (0.0043) 888 72.9 51.8 5.1 GR
22 Peters et al. [65] EQ-5D − 0.0433 (0.0031) 827 67.0 50.9 6.5 GR
23 Cheng et al. [66] SF − 0.0530 (0.0074) 316 60.3 52.8 2.6 HT
24 Fortin et al. [67] SF − 0.0101 (0.0038) 238 59.0 71.0 5.3 HT
25 Garrido-Abejar et al. [68] SF − 0.0131 (0.0067) 281 82.0 55.0 1.8 HT
26 Lim et al. [69] SF − 0.0216 (0.0020) 2645 40.4 62.1 0.4 HT
27 Loza et al. [70] SF − 0.0414 (0.0020) 2192 46.1 53.7 2.8 HT
28 Luo et al. [71] SF − 0.1039 (0.0007) 75,198 63.5 100 1.5 HT
29 Naveiro-Rilo et al. [72] SF − 0.0504 (NA)b 369 79.9 55.1 4.5 HT
30 Prazeres and Santiago [73] SF − 0.0263 (0.0031) 521 58.2 64.1 4.5 HT
31 Tyack et al. [74] SF 0.0001 (0.0018) 351 58.8 58.4 7.0 HT
32 Williams and Egede [75] SF − 0.0434 (0.0007) 23,789 55d 51.9 1.2 HT
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naïve pooling does not take into account differences between 
HRQoL outcomes.

5  Discussion

Evidence evaluating HRQoL in a group of patients relevant 
for CUA is often heterogeneous. Heterogeneity can be 
found in the population studied, as well as in the instrument 
used to collect the outcome. In practice, utility parameters 

in CUAs are often informed by a single study, selected to 
mirror the relevant patient population most appropriately 
and measuring HRQoL using the requested instrument of 
the jurisdiction. This may be appropriate in many situa-
tions, where alternative sources of evidence are either not 
available or unsuitable to provide valid information for the 
parameter. However, there may also be situations where rel-
evant evidence is disregarded, which could reduce decision 
uncertainty and therefore reduce the potential of taking a 
suboptimal decision.

Table 2  Result summary showing posterior mean and standard deviation of the slope, indicating the change in quality of life with additional 
disease burden

Results are shown on instrument level and overall level as appropriate for (1) the independent meta-analyses [independent effects (Bayesian 
MA)]; (2) the shrunken effects from the three-level model (shrunken effects); (3) results from the model down-weighting evidence derived via 
the Hanmer transformation by 30% (shrunken effects DW70); and (4) results from a frequentist meta-analysis
MA meta-analysis, DW70 down-weight to 70%

SF-6D EQ-5D SF-36/12 Overall effect

Independent effects (Bayesian MA) − 0.0357 (0.160) − 0.0417 (0.008) − 0.0362 (0.012)
Shrunken effects − 0.0396 (0.029) − 0.0411 (0.007) − 0.0377 (0.009) − 0.0384 (0.089)
Shrunken effects DW70 − 0.0399 (0.028) − 0.0410 (0.007) − 0.0376 (0.010) − 0.0391 (0.095)
Frequentist MA − 0.0402 (0.016) − 0.0418 (0.009) − 0.0363 (0.013) − 0.0397 (0.005)

−0.10 −0.05 0.00 0.05

(a) independent effect

EQ−5D
SF6D
SF

−0.10 −0.05 0.00 0.05

(b) shrunken effects

−0.10 −0.05 0.00 0.05

(c) overall effect

overall

Fig. 1  Posterior distribution of the slope parameter indicating the 
change in quality of life per additional condition. Results are shown 
for individual quality-of-life scales for a the individual analysis model 

and b the shrunken effects from the three-level model (not down-
weighting evidence), as well as c an overall effect on quality of life 
combining all three scales
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Using a case study in MM, we have illustrated how a 
hierarchical modelling approach can aid in the systematic 
inclusion of studies evaluating HRQoL using multiple 
instruments to increase precision in the outcome. We have 
applied a model, which has previously been used to combine 
data from studies of different designs [33, 34].

The focus in combining data from different study designs 
was the overall treatment effect. The hierarchical model 
structure allowed for design differences, possible adjust-
ments for bias or down-weighing specific designs via vari-
ance inflation. The overall aim was to obtain evidence-based 
estimates of relative treatment effects incorporating the full 
range of existing evidence across designs. In contrast, the 
focus of applying a Bayesian hierarchical model to HRQoL 
studies are the instrument-level estimates. Here, one is inter-
ested in using relevant evidence, including evidence on other 
outcome scales, to strengthen the evidence of individual out-
come scales. Rather than analysing each outcome scale indi-
vidually assuming no correlation, the random effect assump-
tion in the hierarchical model allows reducing uncertainty 
by borrowing strength across all evidence, while recognising 
differences between scales.

Individual analyses of outcome measures in this analysis 
indicated similar effect sizes for all outcomes, as could be 
seen in the large overlap of posterior distributions in Fig. 1. 
Hence, heterogeneity between outcomes was relatively 
small, allowing for a strong effect of borrowing strength. 
In the hierarchical model, precision was increased for all 
HRQoL instruments; however, the effect was strongest for 
SF-6D, where only three studies were included (as opposed 
to 19 and 10 studies for the other measures). Where little 
evidence is available for the instrument of interest, a Bayes-
ian hierarchical model such as this one can therefore help to 
increase precision and thereby reduce decision uncertainty 
in a CUA. McCullagh et al. have evaluated the expected 
value of perfect information associated with various param-
eter categories in the evaluation of cancer drugs in Ireland 
between 2010 and 2014. Their analysis found uncertainty in 
utility parameters to be associated with the second highest 
value of information, highlighting the importance of accu-
rate utility estimates in CUA [76].

There are some limitations to this analysis. The proposed 
model enabled borrowing strength across HRQoL instru-
ments via a random effects assumption to combine evidence. 
While the model allows for differences between HRQoL 
instruments, it assumes a certain similarity modelled using 
a normal distribution for the random effects. We used a non-
informative prior to allow the data to determine the level 
of heterogeneity. This means that the effect of shrinkage 
towards an overall mean and reduction in uncertainty will be 
stronger, where differences between outcome measures are 
small. Where outcome measures show very different effects, 
higher heterogeneity will result in less shrinkage and less 

increased precision of instrument-level estimates. However, 
in situations where an individual outcome measure is capa-
ble of measuring changes in utility that are not captured 
by other outcome scales, and hence provides fundamentally 
different results, there is a risk of diminishing these differ-
ences when evidence from the remaining outcomes is too 
strong. Combining evidence from different utility studies 
remains a complex issue. Heterogeneity between outcome 
scales caused by differences in methodological approaches 
to valuation, as well as fundamental conceptions of health, 
have shown to lead to major differences in outcomes. The 
validity of indirect evaluation methods, including mapping, 
is debated, even though its value to reimbursement deci-
sion is clearly acknowledged [77]. The process of valuing 
preference-based utilities requires complex methodologies 
and may lead to heterogeneity even within outcome scales 
[78]. Hence, the selection of outcome scales included in the 
model remains critical. While the proposed model allows for 
a systematic inclusion of outcome scales that acknowledges 
some differences between these, careful consideration of the 
similarity assumption given by the RE model should guide 
the selection process.

All included studies were of an observational nature as 
no randomised controlled studies could be identified. Stud-
ies included in this analysis were very heterogeneous. They 
were conducted over a long time horizon, and across differ-
ent countries, while populations differed highly in terms of 
age, sex and number of co-occurring conditions. A particular 
source of heterogeneity was the definition and assessment 
of MM. Most authors define MM as the occurrence of two 
or more diseases, however some define a minimum of three 
diseases and many do not specify a definition. The number 
and type of conditions considered in each study differed 
hugely, ranging from 4 to 147; some studies applied a closed 
list of diseases to assess morbidity, while others applied an 
open-end list allowing additional conditions to be added 
on an individual basis. Additionally, studies varied in their 
data collection method; some collected information through 
self-report questionnaires, while others used medical chart 
records. A detailed discussion and information on individ-
ual diseases considered in each study is provided elsewhere 
[24]. The application of utility estimates to particular patient 
groups should hence be interpreted with care as additional 
research on the role of disease patterns and other sources of 
variation is required.

Our analysis transformed MCS and PCS outcomes to 
SF-6D estimates using an algorithm incorporating study-
level covariate information. The additional uncertainty 
incurred through the transformation is not automatically 
incorporated. While the fact that resulting estimates are very 
similar to those reported in studies measuring SF-6D directly 
is reassuring, incorporation of evidence without adjustment 
may still underestimate the uncertainty. A possible solution 
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is to down-weight evidence obtained through transforma-
tion via variance inflation, as has been proposed in the 
three-level model applied to different study designs, where 
observational evidence was down-weighted compared with 
randomised controlled trial evidence [34].

While we aimed at extracting slope parameters that 
were adjusted for potential confounders, adjustment fac-
tors differed between studies, and, on occasion, studies only 
reported unadjusted outcomes. Our MA model assumes a 
random effect to combine data from different studies, and 
thereby allows for differences between studies; however, the 
analysis still models true effects of each individual study to 
be randomly scattered around an overall effect.

The outcome measure of interest in this analysis was 
the linear slope parameter relating HRQoL and increasing 
number of diseases. This of course makes the assumption of 
linearity of this relationship. In an MA, we rely on data pub-
lished, and a linear model was the one most commonly fitted 
to explore this relationship, which guided our choice. Barra 
et al. have investigated the comparative fit of several model 
choices and concluded that additive and multiplicative mod-
els perform equally well [45]. On the other hand, the argu-
ment of ‘double jeopardy’ provides a theoretical argument 
against a linear relationship, where, with every additional 
disease, the ability of being healthy is a further constraint, 
resulting in smaller and smaller reductions in QoL as the 
number of diseases increases [79]. Additional studies inves-
tigating the relationship between MM and QoL are needed 
to confirm the optimal modelling approach. Where deemed 
appropriate, the Bayesian hierarchical model can be adjusted 
to fit more complex relationships such as quadratic models.

Our analysis measures MM as the number of co-occurring 
conditions as this was the most widely reported scale in the 
identified literature. However, the number of diseases does 
not take into account the severity associated with individual 
diseases or the stage of disease of the individual subject. 
Other measures, such as the Charlson comorbidity index, 
the Cumulative Illness Rating Scale, or the Seattle Index of 
Comorbidity combine severity and number of diseases and 
may provide a more distinguished measure for MM.

6  Conclusions

Our analysis has illustrated the use of three-level hierar-
chical models in the MA of HRQoL data to allow for the 
inclusion of a large body of evidence. In our case study, we 
have shown how the analysis of multiple outcomes within 
one model can reduce uncertainty at the instrument level, 
which may eventually reduce decision uncertainty in CUA. 
Our analysis confirms that patients suffer from reduced 
HRQoL as the number of diseases increases. This effect was 
observed for all measures of HRQoL investigated.
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