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Abstract
Purpose  The Quality of Life Alzheimer’s Disease Scale (QoL-AD) is commonly used to assess disease specific health-related 
quality of life (HRQoL) as rated by patients and their carers. For cost-effectiveness analyses, utilities based on the EQ-5D 
are often required. We report a new mapping algorithm to obtain EQ-5D indices when only QoL-AD data are available.
Methods  Different statistical models to estimate utility directly, or responses to individual EQ-5D questions (response map-
ping) from QoL-AD, were trialled for patient-rated and proxy-rated questionnaires. Model performance was assessed by root 
mean square error and mean absolute error.
Results  The response model using multinomial regression including age and sex, performed best in both the estimation 
dataset and an independent dataset.
Conclusions  The recommended mapping algorithm allows researchers for the first time to estimate EQ-5D values from QoL-
AD data, enabling cost-utility analyses using datasets where the QoL-AD but no utility measures were collected.
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Abbreviations
CDR	� Clinical Dementia Rating
CLAD	� Centred least absolute deviation
HRQoL	� Health-related quality of life
MAE	� Mean absolute error
mlogit	� Multinomial logistic regression
MMSE	� Mini-mental state examination
ologit	� Ordinal logistic regression
OLS	� Ordinary least squares

PwD	� Person with dementia
RMSE	� Root mean square error
QoL	� Quality of life
QoL-AD	� Quality of Life Alzheimer’s Disease scale

Background

Dementia, a progressive neurodegenerative syndrome, is 
increasing in prevalence due to more people living into the 
age-groups most at risk and predicted to affect around 131 
million people globally by 2050 [1]. It is characterised by 
cognitive and functional decline, including memory loss, 
communication problems, behavioural changes, and deterio-
ration in the ability to carry out activities of daily living [2] 
that can impact on the quality of life (QoL) of people living 
with dementia and their carers [3].

QoL is defined by the WHO as ‘an individual’s percep-
tion of their position in life in the context of the culture 
and value systems in which they live and in relation to their 
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goals, expectations, standards and concerns’ [4]. Health-
related quality of life (HRQoL), reflects ‘the individual’s 
perception of the impact of a health status, on the ability 
to perform usual tasks and effects on everyday life, and on 
physical, social and emotional well-being’ [5].

Disease specific HRQoL instruments, such as the Qual-
ity of Life Alzheimer’s Disease scale (QoL-AD) [6] and the 
DEMQOL [7], are commonly used in research and may be 
more sensitive in detecting effects of interventions [8, 9]. 
However, to assess cost-effectiveness across conditions, a 
generic utility-based instrument such as the EQ-5D is often 
required [10]. Where research using only disease-specific 
instruments has been performed but cost-effectiveness analy-
sis is desired, mapping algorithms can be used to estimate 
EQ-5D outcomes.

Although preference based indices for use in economic 
evaluation exist for the DEMQOL [7, 11, 12], these are not 
available for the QoL-AD, the most commonly used and 
foremost recommended disease-specific questionnaire in 
studies of people with dementia [13-17]. Here we report the 
development and validation of a mapping algorithm from 
the QoL-AD to the EQ-5D, which has not previously been 
undertaken, according to a review of published mapping 
studies [18].

This study forms part of the Real world Outcomes across 
the AD spectrum for better care: Multi-modal data Access 
Platform (ROADMAP) project.

Methods

This mapping study was performed in line with recommen-
dations from the MAPS statement [19], which consolidates 
best practice for mapping studies, including dataset selec-
tion, modelling and analysis, and reporting [20].

Data sources

We used data from the Actifcare study [21], a longitudinal 
cohort study aiming to develop best practice for access to 
formal care for persons with dementia in the community. 
Participants (n = 451) were recruited between 2014 and 
2016 through memory clinics, general practices, case man-
agers and community mental health teams in eight European 
countries (Germany, Netherlands, Sweden, Norway, Ireland, 
United Kingdom, Portugal and Italy). Eligible participants 
had to have a diagnosis of dementia meeting DSM IV TR 
criteria following an assessment by a clinical professional 
and have a Clinical Dementia Rating (CDR) of 1 or 2, or 
a Mini-Mental State Examination (MMSE) score of 24 or 
below. Eligible participants had an informal carer, but no 
regular assistance from a paid worker for their personal 

care due to their dementia, and were likely to require formal 
assistance over the next year [21].

Data on the EQ-5D-5L and the QoL-AD for the person 
with dementia were collected at baseline, 6 and 12 months, 
rated independently by both people with dementia (self-
rated) and their informal carers on behalf of people with 
dementia (proxy-rated). Data collection was interview based 
and performed by trained researchers.

The clinical cohort study of the LeARN project [22] was 
used as an external validation dataset. The study, conducted 
in the Netherlands, recruited 241 patients who visited a 
memory clinic for the evaluation of cognitive complaints. 
They had to meet the inclusion criteria of being suspected 
of having a primary neurodegenerative disease (without a 
formal diagnosis), MMSE of at least 20, and a CDR of 0-1 
to reflect current clinical practice and enable generalisabil-
ity. HRQoL outcomes, including the QoL-AD (proxy-rated 
only) and EQ-5D-3L (self-scored and proxy-rated), were col-
lected. Data for this validation study were collected at base-
line, 12 and 24 months. Patient self-scored EQ-5D data were 
collected through interviews with research nurses in three 
memory clinics, proxy-rated data were self-administered.

HRQoL instruments

The QoL-AD questionnaire consists of 13 items cover-
ing overall HRQoL, relationships with family and friends, 
physical health, memory, and ability to perform household 
chores and activities. Each item has four possible response 
levels (poor, fair, good and excellent), scored from 1 to 4, 
respectively. A composite QoL-AD score between 13 and 
52 is calculated by adding up the items, with higher scores 
representing higher HRQoL. Item 7 is related to marriage, 
which may not apply to those who identify themselves as 
widowed, single, separated or divorced. For this reason, 
unless stated otherwise, in this work item 7 is not included 
in the total score, which is standardised to maintain a range 
from 13 to 52. Originally developed in the English language 
(US), most of the available translations of the QoL-AD were 
performed by the linguistic validation company Mapi/ICON 
Language Services, withfull details available from the devel-
opers [23]. Cross-cultural validations have been performed 
for some countries, including Portugal, Germany, France, 
the Netherlands, the UK and Sweden [24-28]. For the Actif-
care study, a translation protocol was used for questionnaires 
not available in all languages [21].

The EQ-5D-5L has five items (domains) covering mobil-
ity, self-care, usual activities, pain/discomfort, and anxiety/
depression [29, 30]. Each item has five response levels: no 
problems, slight problems, moderate problems, severe prob-
lems, unable to perform activity or extreme problems. A 
validated UK value set is still being developed for the EQ-
5D-5L, and so, in line with current NICE recommendations, 
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we use a “cross-walk” developed by van Hout et al to the 
existing EQ-5D-3L utilities [31]. The EQ-5D generates 
generic, preference based utilities which reflect the strength 
of preference of the general population for different health 
states. Utilities have a maximum value of one, indicating 
perfect health. Zero indicates a health state equal to death 
and negative values represent states considered worse than 
death.

For the purposes of this mapping study, the UK value set 
was applied to all EQ-5D data.

Statistical methods

Observations with non-missing data for all relevant QoL-AD 
and EQ-5D items were included in the mapping exercise.

All data exploration and statistical models were applied 
separately to the different mapping scenarios. We first 
explored the relationship between the two measures visu-
ally using scatter plots and cross-tabulations, as well as 
Spearman’s correlation coefficients, then trialled a range of 
statistical models.

Direct mapping describes models where the explanatory 
variables (here: the QoL-AD items or scores) are directly 
mapped onto the EQ-5D utility score. We used ordinary least 
squares (OLS) regression, Tobit, centred least absolute devi-
ation (CLAD) and two-part models, in which logistic regres-
sion is used to predict whether participants were in perfect 
health, and an OLS model to predict utilities for participants 
not in perfect health. Tobit, CLAD and two-part models are 
able to account for the ceiling effect in the EQ-5D utili-
ties, i.e. clustering of responses at the maximum score of 
1, which represents perfect health. Predicted values greater 
than 1 were set to 1 for the other scenarios.

Response models used the explanatory variables to pre-
dict responses to each individual EQ-5D question, then com-
bined the five question responses to obtain utilities. As each 
question was modelled separately, each response mapping 
algorithm consisted of five separate models. Responses to 
the items were predicted using OLS, multinomial logistic 
regression (mlogit) and ordinal logistic regression (ologit).

QoL-AD items were used as categorical variables in all 
models except the ‘continuous OLS’ model which mapped 
QoL-AD composite scores directly to the EQ-5D utilities, 
and the ‘Response OLS Continuous’ model, which used 
each QoL-AD item as a continuous variable. To account for 
clustering of observations within participants, the ‘cluster’ 
option in Stata was used in all models except the CLAD. The 
models presented in the manuscript did not include QoL-AD 
item 7; results including QoL-AD item 7 can be found in the 
supplemental material.

All models were run as described above, and repeated 
including age of the person with dementia at time of assess-
ment (as a continuous variable) and sex (as a categorical 

variable). Including age as a non-linear explanatory variable 
was also explored.

Utilities for the two-part model were calculated as follows:

where Pr(PerfectHealth) is the predicted probability that util-
ity = 1 and Y = predicted utility conditional on imperfect 
health [32].

Predicted responses to the EQ-5D-5L were cross-walked 
to the EQ-5D-3L, and utilities were then derived from those.

The prediction accuracy of the models was explored by 
comparing root mean square errors (RMSE) and mean abso-
lute errors (MAE) across different centiles of the popula-
tion. Visual comparisons in the form of scatter plots showing 
observed versus predicted EQ-5D utilities, and comparisons 
of predicted responses to each question against the values 
observed, were performed to gauge how prediction accuracy 
varied across patient characteristics.

External validation of the mapping algorithm

The different mapping algorithms were also trialled in the 
external validation dataset, to establish which models per-
formed best in an independent dataset. The recommended 
mapping algorithm was applied to the validation dataset to 
assess how well these mapping algorithms were able to predict 
observed EQ-5D utilities in this dataset independent of the 
algorithm development process.

We aimed to estimate EQ-5D utilities from observed QoL-
AD data, and the main text focuses on:

•	 Mapping self-rated QoL-AD to self-rated EQ-5D-5L.
•	 Mapping proxy-rated QoL-AD to proxy-rated EQ-5D-5L.

For completeness, additional scenarios are reported in the 
supplementary material:

•	 Mapping self-rated QoL-AD to proxy-rated EQ-5D-5L.
•	 Mapping proxy-rated QoL-AD to self-rated EQ-5D-5L.

We put less emphasis on these last two scenarios due to 
concerns in the literature about discrepancies between self-
rated and proxy-rated health states in this patient population 
[25, 33].

All statistical programming was performed in Stata/SE 
(StataCorp. LP, College Station, Texas).

Utility = Pr(PerfectHealth) + (1 − Pr(PerfectHealth)) × Y
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Results

Description of the population

Table 1 and Supplemental Table 1 show the characteristics 
of the study populations and correlations between the QoL-
AD and EQ-5D. Supplemental Table 1 shows responses to 
each EQ-5D-5L and QoL-AD question, while Supplemental 
Table 3 contrasts the characteristics of participants whose 
data were included in and excluded from the mapping study.

Four-hundred-and-fifty-one persons with dementia (PwD) 
were included in the estimation dataset, with 1353 intended 
observations (up to three time points for each participant). 
Sufficient data for 427 to 437 participants (1017 to 1099 
observations) were available for inclusion in the different 
mapping scenarios. 631 observations from 235 participants 
were used from the main validation dataset.

The summaries presented in Table 1 (and Supplemental 
Table 1) contain all observations included in the relevant 
analyses to provide an overview of the data used in the 

Table 1   Overview of the data used

CI confidence interval, PwD person with dementia, SD standard deviation
*Insufficient EQ-5D-5L or QOL-AD data were available for inclusion in the mapping study, either through unavailability of the complete ques-
tionnaire, or individual items
**MMSE (Mini-mental state examination) data were unavailable for a proportion of people with dementia. the following percentage of the total 
number of observations are excluded from the MMSE summaries: Estimation dataset:8% in the ‘Self-rated QoL-AD Self-rated EQ-5D’ scenario; 
13% in the ‘Proxy-rated QoL-AD Proxy- rated EQ-5D’ scenario ; Validation dataset: 32%. The score ranges from 0 to 30, with higher scores 
indicating less cognitive impairment
***CDR (clinical dementia rating) data were unavailable for a proportion of observations; the following percentage of the total number of obser-
vations are excluded from the CRD summaries: estimation dataset: 1% in the ‘Self-rated QoL-AD Self-rated EQ-5D’ scenario; 2% in the ‘Proxy-
rated QoL-AD Proxy- rated EQ-5D’ scenario ; validation dataset: 38%. Missing data occurred predominantly due to CDR assessments not being 
performed, rather than individual domains of cognitive and functional performance being missing. The percentages presented are based on the 
population with available CDR data only

Demographic variable Estimation dataset Validation dataset

Self-rated QoL-AD → 
Self-rated EQ-5D

Proxy-rated QoL-AD → 
Proxy- rated EQ-5D

Proxy-rated QoL-
AD → Proxy- rated 
EQ-5D

Total number of observations in datasets 1353 1353 753
Total number of observations excluded from analysis* 333 (25%) 254 (19%) 122 (16%)
Total number of observations included in analysis 1020 (75%) 1099 (81%) 631 (84%)
Total number of additional observations excluded if QoL-AD 

item 7 was included in analysis
137/1020 (13%) 156/1099 (14%) 72/631 (11%)

Number of participants included in analysis 427 437 235
PwD age (SD) 78 (8) 78 (8) 67 (9)
Proxy age (SD) 66 (13) 67 (13) 62 (11)
PwD sex (female) 55% 54% 34%
Proxy sex (female) 67% 67% 73%
MMSE** 19 (5) 19 (5) 25 (4)
CDR 0*** 0% 0% 11%
CDR 0.5*** 3% 3% 52%
CDR 1*** 70% 67% 32%
CDR 2*** 26% 28% 5%
CDR 3*** 1% 3% < 1%
Self-rated QoL-AD mean (SD) 35 (6) n/a n/a
Self-rated QoL-AD median (range) 36 (16, 52) n/a n/a
Proxy-rated QoL-AD mean (SD) n/a 30 (6) 32 (5)
Proxy-rated QoL-AD median (range) n/a 30 (15, 50) 31 (15, 52)
Self-rated EQ-5D Utility mean (SD) 0.77 (0.21) n/a n/a
Self-rated EQ-5D Utility median (range) 0.81 (− 0.26, 1) n/a n/a
Proxy-rated EQ-5D Utility mean (SD) n/a 0.60 (0.24) 0.77 (0.22)
Proxy-rated EQ-5D Utility median (range) n/a 0.64(-0.31, 1) 0.81(− 0.10, 1)
Spearman’s Correlation (95% CI) 0.49 (0.45, 0.54) 0.48 (0.43, 0.52) 0.56(0.50, 0.61)
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mapping study; participants may be included multiple times 
to reflect data collected at different follow-up time points.

PwD in the estimation dataset were on average 11 years 
older than those in the validation dataset. There were similar 
amounts of male and female PwD in the estimation dataset, 
while PwD in the validation dataset were predominantly 
male. Carers in both datasets were predominantly female. 
PwD showed higher levels of cognitive decline using the 
MMSE and CDR in the estimation dataset, compared to the 
validation dataset, in line with the inclusion criteria of the 
two studies. Similar trends were observed in the QoL-AD 
and EQ-5D scores, ith PwD providing higher scores than the 
proxy-ratings by their carers.

Spearman’s correlation values close to 0.5 were observed 
between QoL-AD scores and EQ-5D utilities were observed 
in the validation dataset; corresponding correlations were 
higher in the validation dataset.

Scatter plots (Supplemental Fig. 1) show the variation 
in observed EQ-5D utilities for observed QoL-AD scores. 
Correlations between the individual QoL-AD and EQ-5D 
items ranged from close to 0 to -0.53 in the validation data-
set; correlations were higher where both questionnaires were 
either self-rated or proxy-rated, and in the validation dataset 
(Supplemental Table 4).

Table  1 and Supplemental Table  1 demonstrate that 
between 11% and 15% of participants have additional miss-
ing data for QoL-AD item 7.

Comparison of the mapping algorithms

Nine different mapping algorithms were evaluated using the 
Actifcare dataset for each of the different scenarios of self-
rated and proxy-rated questionnaires.

Table 2 shows the performance parameters (RMSE and 
MAE) for each algorithm, with age and sex included.

The response mapping using mlogit models was found to 
produce the lowest RMSEs and MAEs for both scenarios.

Some convergence issues were observed when estimating 
the CLAD, ologit and mlogit models. The maximum itera-
tions run were set to 200 (400 for CLAD), and coefficient 
estimates obtained at this point were used in the mapping 
algorithm.

Performance parameters for the corresponding models 
excluding age and sex, and when including QoL-AD item 
7, age and sex are shown in Supplemental Tables 5. RMSEs 
and MAEs were approximately 5% larger when age and sex 
were excluded as explanatory variables.

The mlogit model including QoL-AD item 7 produced 
marginally smaller standard errors compared to the model 
excluding QoL-AD item 7 (differences of up to 2% for 
RMSE and MAE), but could only be run on a subset of the 
data available for the other models (Table 1). Ta
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In some instances, the number of respondents reporting 
particular question responses was small, and perfect pre-
diction of actual EQ-5D responses resulted in questionable 
standard errors and coefficients for some of the mlogit and 
ologit models. To address this issue, results for the direct 
Tobit model are also presented in the supplemental material.

Predictive accuracy of the mlogit model

Figure 1 illustrates the prediction accuracy of the preferred 
response mapping model (using mlogit, including age and 
sex but excluding QoL-AD question 7), showing observed 
EQ-5D utility against predicted EQ-5D utility for the self-
reported to self-reported and proxy-reported to proxy-
reported scenarios. Corresponding plots for other scenarios 
and the Tobit model are shown in Supplemental Fig. 3. Per-
fect agreement between observed and predicted values is 
indicated by the dashed line. The plots demonstrate variation 
in the predicted values for a given observed EQ-5D util-
ity score, and the mapping algorithm does not predict utili-
ties of 1 in any of the scenarios. Generally, the model has a 
tendency to over-predict for low observed EQ-5D utilities, 
and to under-predict for higher levels of observed EQ-5D 
utilities.

Similar patterns were observed for all mapping scenarios 
examined, with higher prediction accuracy when QoL-AD 
scores were above the median (Supplemental Table 6).

The mlogit model generates probabilities of an individual 
falling into each of the five levels for each question of the 
EQ-5D-5L. Supplemental Figure 3 shows the mean prob-
abilities of falling into each of the five domains, given their 
observed response to each item. The model generally pre-
dicts well for those indicating no or extreme problems. For 
those with slight, moderate and severe problems, the model 
tends to predict lower levels of problems than observed. Pre-
dictions were more accurate when mapping either between 
self-rated or between proxy-rated data.

Validation

Trialling the different mapping approaches in the external 
validation study confirmed that the mlogit response mapping 
model resulted in the smallest RMSEs and MAEs (Supple-
mental Table 3d); RMSEs and MAEs of 0.2000 and 0.1591 
respectively were produced when the preferred mapping 
model derived from the estimation dataset was applied to the 
validation dataset for the scenario mapping proxy-reported 
QoL-AD to proxy-reported EQ-5D. As in the estimation 
dataset, predictions in the validation exercise tended to over-
predict for utilities below 0.7 and under-predict for utilities 
above 0.7 (Fig. 1, Supplemental Table 6).

Predicted utilities in relation to observed QoL‑AD 
scores

Table 3 shows actual QoL-AD responses for some individual 
participants in the estimation dataset. It demonstrates how 
different combinations of responses to the QoL-AD items 
can result in identical QoL-AD composite scores. As the 
mapping algorithm is based on responses to individual 
QoL-AD items, different utilities were generated for par-
ticipants with the same total QoL-AD score. The relation-
ship between QoL-AD items and EQ-5D items also differs 
between the different mapping scenarios, resulting in dif-
ferent utilities being allocated to the same combination of 
QoL-AD items depending on whether proxy-rated or self-
rated data are used. Ranges of predicted utilities for selected 
observed composite QoL-AD scores are shown in Supple-
mental Table 7, and the range of predicted and observed 
EQ-5D utilities for every observed QoL-AD score are shown 
in Supplemental Figure 4. Despite the issues illustrated in 
Table 3, there is a clear trend whereby higher observed QoL-
AD scores result in higher predicted utilities.

Discussion

This work describes the development of a mapping algo-
rithm that can be used to obtain EQ-5D-5L item responses 
and utilities from observed QoL-AD data. We report map-
ping algorithms from self-rated QoL-AD to self-rated 
EQ-5D responses or utilities, and from proxy-rated QoL-
AD data to proxy-rated-rated EQ-5D data based on mlogit.

The preferred mapping algorithm, based on prediction 
performance, uses a response mapping approach based on a 
multinomial logit model to generate responses to the individ-
ual EQ-5D-5L items, and thence utility levels. An advantage 
of the response mapping approach is that it generates esti-
mates of utility levels for use in cost-effectiveness analyses, 
as well as the predicted response data for each question. The 
latter can be used to assess which EQ-5D domains are driv-
ing any potential differences or trends observed. This model 
also allows researchers to attach different country specific 
value sets if required.

We aimed to generate a mapping algorithm that could 
be used as widely as possible, requiring as input data only 
the QoL-AD items (excluding item 7) and the person with 
dementia’s sex and age. We excluded QoL-AD item 7 
responses from our main models, as this question relates 
to the participant’s marriage. In interviews, unmarried 
PwD should instead be asked about their closest personal 
relationship, or their carer, although the question should 
be classed as missing if there is no one appropriate, or 
that the PwD are unsure. Our data and the literature [25, 
34] indicate that this item tends to be unavailable more 
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Fig. 1   Prediction accuracy of the preferred (mlogit) mapping model. 
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often than other data. This approach means that our recom-
mended mapping algorithm can be used even in scenarios 
where item 7 is unavailable, and does not require the impu-
tation of such data. As such, missing data in the utilities 
required for cost-effectiveness analyses are minimised, as 
recommended in the literature [35]. This approach also 
provided us with a larger dataset and therefore better pre-
cision in our results.

We included age and sex in our recommended map-
ping algorithm, as inclusion of these variables resulted in 
improved prediction accuracy. As age and sex will com-
monly be available in studies that seek to implement this 
mapping algorithm, we do not anticipate problems arising 
from this added model complexity.

Exploration of the association between observed and 
predicted EQ-5D indices, and the ranges of EQ-5D indices 
predicted for given QOL-AD scores, indicate that the models 
are plausible and intuitive. We observed RMSEs between 
0.13 and 0.18, and MAEs between 0.11 and 0.14 in the two 
main scenarios, in line with corresponding values observed 
in a review of mapping studies, where RMSEs ranged from 
0.084 to 0.20 and MAEs from 0.0011 to 0.19 [36]. Applica-
tion to an independent validation dataset (proxy-rated QOL-
AD mapped to proxy-rated EQ-5D) showed that mapped 
values of similar, though slightly poorer, prediction accu-
racy could be achieved, indicating that the mapping algo-
rithm can be validly used in other datasets of similar patient 
populations.

Prediction accuracy was best for the scenario mapping 
self-rated QoL-AD to self-rated EQ-5D, possibly indicating 
higher consistency when both questionnaires are completed 
by the person with dementia themselves. Scenarios mapping 
from self-rated QoL-AD to proxy-rated EQ-5D generally 
had the highest RMSEs likely due to recognised differences 
between QoL-AD scores based on self-reports and proxy-
ratings [25]. The goodness-of-fit statistics indicate that a 
significant percentage of predicted utilities fall more than 0.1 
units away from the observed value. However, it should be 
borne in mind that the aim of mapping is usually to obtain a 
mean value and mean difference between groups, not indi-
vidual prediction, and the overall RMSE statistics are similar 
to those reported in other mapping studies.

We estimated utilities using the cross-walk to the EQ-
5D-3L value set by van Hout et al [31], in line with cur-
rent NICE recommendations [37]. When a validated EQ-
5D-5L value set becomes available for the UK, it should be 
straightforward to combine that with the response mapping 
approach reported here.

Our results were derived using a UK value set for the 
EQ-5D-3L, and the utilities we report may not be valid in 
other countries where there is reason to think valuations of 
health states are significantly different. An advantage of the 
response mapping approach is that different value sets could 

be applied to the equations we derive, and to that end our 
code is available to other researchers on request.

While we conducted the mapping study as thoroughly 
as possible, it is not without limitations. Access to larger 
datasets might have improved the predictive accuracy of 
the model, particularly for participants with lower observed 
QoL-AD and EQ-5D scores, which were not commonly 
observed in the dataset.

The performance parameters used are within the range of 
those observed in other mapping studies, although towards 
the higher end. We found evidence of over-prediction for 
those with below median observed EQ-5D scores, and 
under-prediction for those with above median observed 
EQ-5D scores, a pattern also seen with other mapping stud-
ies [32, 38]. Generally, prediction accuracy was worst for 
participants with lowest QoL-AD scores. For these partici-
pants, the largest variation in EQ-5D utilities was observed, 
and hence outcomes for this subpopulation were more chal-
lenging to model. The large amount of variability between 
the predicted and observed utility values also likely reflects 
the medium correlation between the QoL-AD and EQ-5D 
utilities. These patterns were consistent across the estima-
tion and validation datasets. Potential users of the mapping 
algorithms should be aware that the predicted utility levels 
will be less reliable as QoL-AD scores decrease.

The prediction accuracy of the mapping algorithms 
could possibly have been improved by the use of additional 
explanatory variables. However, additional variables may 
not always be available in existing datasets, thus limiting the 
application of a mapping algorithm. In addition, some vari-
ables commonly collected in this disease area, including the 
MMSE and CDR, have been shown to correlate poorly with 
self-rated QoL scores [39-43], and were therefore not used in 
the mapping algorithm. We found the mlogit model to be the 
best-fitting model, although it does not account for the clear 
ordering of responses of the EQ-5D-5L items. Ologit models 
take this into account, but assume proportional odds across 
each category of response, which may not be appropriate in 
the datasets used.

The validation dataset used the EQ-5D-3L instead of the 
five-level version. We were thus unable to validate the ability 
of the model to predict individual responses in an independ-
ent dataset.

The recommended mapping algorithm is based on a 
response mapping model that uses the QoL-AD items. As 
such, the mapping algorithm can only be used if item-level 
data are available. The prediction accuracy was reduced 
when the QoL-AD composite scores were used, and we 
therefore do not recommend this approach.

While the mlogit model performed best, there were con-
cerns about non-convergence and perfect prediction for some 
responses, resulting in large and inconsistent regression 
coefficients for some categories with low observed counts. 
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This may lead to bias being introduced when applying the 
mapping algorithm in populations dissimilar to the estima-
tion dataset, and we caution against over-interpreting indi-
vidual coefficients, some of which are non-significant. At a 
population level, we believe the estimates from the mlogit 
model provide the most reliable predictions. However, we 
also provide an option to map QoL-AD data to EQ-5D using 
the Tobit model. This was chosen over the two-part model, 
which was estimated on lower numbers and therefore may 
provide less reliable estimates for item categories with low 
counts.

Our mapping algorithm currently does not provide esti-
mates around the uncertainty for the predicted EQ-5D utili-
ties, although these may be helpful when basing cost-effec-
tiveness analyses on the mapped EQ-5D utilities. This is in 
line with other mapping studies. However, we do provide 
ranges and mean of predicted utility for different observed 
QoL-AD scores.

We did not use an internal validation set, because our 
sample size contained insufficient observations in poorer 
health states to consider splitting the dataset, and partly 
because of methodological reservations about that approach 
[35]. These are among the reasons why current guidance on 
mapping to health utility states does not mandate sampling 
splitting [44]. The external validation dataset demonstrated 
consistency in the results of the mapping algorithm for the 
scenario that mapped proxy-rated QoL-AD to self-rated 
EQ-5D and proxy-rated QoL-AD to proxy-rated EQ-5D, 
despite some differences in the patient populations, as dis-
cussed in the results section. External validation for the other 
scenarios would have been beneficial, but no suitable data-
sets were available to us.

Stata code to apply the mlogit and Tobit mapping algo-
rithms to available QoL-AD data is available in the online 
supplemental material, and can be used to map all scenar-
ios described in this paper either with or without QoL-AD 
item 7, depending on the data available. The material also 
includes the Stata code for the statistical models used, as 
well as the detailed regression results for the mapping algo-
rithm. We recommend use in existing datasets with available 
QoL-AD data but no EQ-5D utilities where evaluation of 
cost-effectiveness is desired. Future research should aim to 
collect EQ-5D-5L data wherever possible.

Conclusions

We report here a new mapping algorithm with moderate 
to good prediction accuracy that allows EQ-5D utilities to 
be derived from QoL-AD data. This will permit research-
ers to estimate utilities where QoL-AD are available but 
no EQ-5D-5L scores have been collected. However, for 
future research, the collection of the EQ-5D-5L alongside 

disease-specific measures is recommended wherever 
possible.
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