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Abstract
Purpose  To map the Shah-modified Barthel Index (SBI) to the Health Utility Index Mark III (HUI-3) in stroke patients, 
and to compare the performance of a recently developed method called the Mean Rank Method (MRM) against a popular 
method, the Ordinary Least Squares (OLS) method.
Methods  A cohort of 473 patients who had their first clinical stroke diagnosis and hospital admission and were assessed 
using the SBI and HUI-3 at 3 months and/or 12 months post-admission. Observations were split to form a training dataset 
(N = 473) and a validation dataset (N = 245).
Results  In the training dataset, the MRM using SBI total score as the predictor produced a mapped utility distribution that 
closely resembled the observed utility distribution. It had almost no shrinkage of the standard deviation (P = 0.542), whereas 
the OLS using SBI total score and SBI item scores under-estimated the standard deviation by 28% and 26%, respectively 
(each P < 0.001). The MRM mapping gave better fit in terms of smaller mean absolute error and larger intra-class correlation 
than the two versions of OLS mapping, whereas the OLS gave smaller mean-squared errors than the MRM. Multivariate 
regression analysis showed that the use of OLS-mapped utilities tended to under-estimate both the mean utility of people who 
had no comorbidity and the utility-comorbidity association as compared to the observed utility-comorbidity pattern although 
the differences did not reach statistical significance (each P > 0.05). The MRM-mapped utility showed utility-comorbidity 
pattern more similar to the observed. Similar findings were obtained from the validation dataset.
Conclusions  The MRM performed well. Mapping functions are available to map the SBI to the HUI-3 Utility Index.
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Introduction

The utility of a health state can be measured by generic pref-
erence-based questionnaires such as the EuroQoL 5 Dimen-
sions (EQ-5D) [1], Short Form-6D (SF-6D) [2], and Health 
Utilities Index Mark III (HUI-3) [3]. Cost-utility analysis, 
a common form of economic evaluation, is conducted to 
evaluate the value of adding a new health technology to the 
healthcare system. The value of the new healthcare technol-
ogy is defined as the quality-adjusted life-years gained, i.e. 
survival gains weighted by the utility of the years lived [4].

Utility data is not always available. Mapping func-
tions have been developed to map clinical measures such 
as health-related quality of life (HRQoL) and activities of 
daily living (ADL) to utility values [5, 6]. Essentially, map-
ping treats clinical measures as proxies of utility measures. 
It offers an opportunity to conduct cost–utility analysis when 
only clinical measures are available. Cost–utility analysis 
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based on mapping is accepted by healthcare authorities like 
National Institute for Health and Care Excellence (NICE), 
UK [7, 8], and Agency for Care Effectiveness, Singapore [9].

ADL assessment is often part of routine healthcare, 
health insurance policy and health services research. For 
example, in Singapore, claims under the ElderShield insur-
ance scheme need to be substantiated by ADL assessment 
[10]. The Barthel Index (BI) is a widely used instrument for 
ADL assessment, including stroke patients [11]. It consists 
of 10 items, each measuring one aspect of ADL. It is recom-
mended by the UK Royal College of Physicians for routine 
assessment of older people [12]. It had been mapped to the 
(3-level) EQ-5D Utility Index in stroke patients in the Neth-
erlands [11] and in older people in the UK [12]. The Shah-
modified BI (SBI) modified the 3-level classification of the 
BI to a 5-level classification. This improves the sensitivity 
and reliability of the measure [13, 14].

While all popular preference-based measures capture 
important aspects of health outcomes, the HUI-3 covers 
eight attributes, including speech and cognition [3]. These 
attributes may be more relevant to some diseases such as 
stroke and dementia. The HUI-3 may give a more compre-
hensive description of stroke patients. The BI or SBI have 
not been mapped to the HUI-3. They have conceptual over-
lapping such as in terms of ambulation and dexterity [13]. 
The conceptual overlapping provides a basis for mapping 
the SBI to the HUI-3.

Ordinary least square (OLS) is the most commonly used 
method for mapping clinical measures to health utility [15, 
16]. One problem of OLS mapping is that it usually under-
estimates variance, and therefore, increases the risk of mak-
ing type 1 errors in statistical hypothesis testing [5]. Another 
problem is that the application of OLS mapping functions 
tends to result in under-estimation of the utility of good 
health states and over-estimation of the utility of poor health 
states [17]. For example, a study of cancer patients showed 
that the mean OLS-mapped utility was lower than the mean 
of the observed EQ-5D utility values among patients with 
good clinical performance status, whereas the opposite error 
was found in patients with poor performance status [18]. In 
a study of people living with dementia, mean OLS-mapped 
utility was lower than the observed mean HUI-3 utility in 
patients with good clinical status as per the Clinical Demen-
tia Rating scale, and vice versa [19].

Other regression-based methods have been investigated as 
potential alternatives to OLS. Some empirical comparisons 
showed OLS performed better than all these alternatives while 
others showed some of these alternatives performed better 
than OLS and each other. For example, in a study of cancer 
patients that our research group conducted to map the Func-
tional Assessment of Cancer Therapy-General (FACT-G) to 
the EQ-5D utility, we found that the censored least absolute 
deviation (CLAD) regression was more accurate than the OLS 

[18]. However, in a study of breast cancer patients also con-
ducted by our group, the OLS performed well as compared 
to CLAD, Tobit, quantile regression and logistic quantile 
regression [20]. We concluded that: “Although its theoreti-
cal assumptions may not be valid, ordinary least square out-
performed other regression methods [20].” Similar conclusion 
was made by our mapping study in Parkinson’s disease [21]. 
In a community-based study, Sullivan and Ghushchyan found 
that the OLS and CLAD gave very similar mapping results 
even though 46% of the utility values were at the ceiling level, 
a condition that theoretically should be favorable to CLAD 
and unfavorable to OLS [22]. The MM-estimator was found 
to perform well in a pediatric study [23] but not in a study of 
adults with urinary incontinence [24]. In a cancer study, mul-
tinomial logistic regression was found to give the best fit for 
mapping the EORTC QOL-C30 to EQ-5D, whereas OLS was 
the second best [25]. But the same study showed that OLS was 
the best for mapping the FACT-G to EQ-5D utility, whereas 
the multinomial logistic regression and two-part models gave 
the poorest results [25]. A study of HIV patients that aimed 
to map the Medical Outcomes Study-HIV Health Survey to 
EQ-5D and HUI-3 utility values found that a finite mixture 
model gave the best fit to EQ-5D but OLS gave the best fit 
to HUI-3 [26]. These two studies are exemplary: The vari-
ous regression-based challengers collectively won in half of 
the applications; OLS single-handedly won in the other half 
[25, 26]. Taking these evidences together, the OLS appears 
accurate and robust for utility mapping as compared to other 
regression-based alternatives. Regression-based methods do 
not appear to be a promising direction to improve mapping 
accuracy.

A new mapping procedure, called the Mean Rank Method 
(MRM), was recently proposed [17]. Its performance has been 
demonstrated in both simulations and applications to map the 
Functional Assessment of Cancer Therapy-Breast and the 
World Health Organization Quality of Life-BREF (WHO-
QOL-BREF) to the (5-level) EQ-5D Utility Index [17, 27] 
and the Alzheimer’s Diseases Cooperative Study—Activities 
of Daily Living Inventory to the HUI-3 [19]. It tended to per-
form better than the equipercentile method [5] and, depending 
on what evaluation criteria were used, was superior or non-
inferior to the OLS method.

The present study aimed to map the SBI to the HUI-3 util-
ity index among stroke patients in Singapore. We also dem-
onstrated the use of the MRM and compared it with the OLS 
method.
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Methods

Participants and measurements

Inpatients aged over 40 years who had their first clinical stroke 
diagnosis and were not globally aphasic were recruited from 
2010 to 2013 from five main public tertiary hospitals of Sin-
gapore, including Changi General Hospital, Khoo Teck Puat 
Hospital, Tan Tock Seng Hospital, Singapore General Hospi-
tal, and National University Hospital. The study was originally 
planned to assess the health, social and financial effects of 
caregiving among caregivers of stroke patients in the 1st-year 
post-stroke, with follow-up assessments at 3 and 12 months 
post-admission. Among eligible participants, the recruitment 
rate was 38.3%. Comparison of baseline characteristics of par-
ticipants present and missing at the two follow-up assessments 
showed that marital status was the only variable that had a 
statistically significant difference between the groups (P < 0.05 
at both timepoints). Participants who were married were less 
likely to be lost to follow-up. The study was approved by the 
National University of Singapore Institutional Review Board, 
SingHealth Centralized Institutional Review Board and the 
National Health Group Domain Specific Review Board. Writ-
ten informed consent was obtained from both the patients 
and the caregivers after explaining the purpose of conduct-
ing the study as well as the procedures involved. The present 
secondary analysis of anonymized data was approved by the 
National University of Singapore Institutional Review Board 
(S17-257E).

The SBI, HUI-3 and other clinical and health variables such 
as Charlson’s Comorbidity Index (CCMI) were collected at 
baseline during index stroke admission and 3 months and 
12 months post-admission. However, the HUI-3 and SBI col-
lected at baseline referred to different timepoints that repre-
sented pre- and post-stroke diagnosis. Therefore, in this study, 
only data at the 3- and 12-months post-admission assessment 
was used. Out of 661 cohort members, 412 and 308 partici-
pated in the 3- and 12-month assessments, respectively.

HUI-3 is a generic preference-based system for measuring 
health outcomes and producing utility values [3]. It measures 
8 attributes, namely, vision, hearing, speech, ambulation, dex-
terity, emotion, cognition and pain. A multiplicative multi-
attribute utility function is available to convert the responses 
to the 8 descriptors into a health utility [28]. It has a possible 
range of − 0.359 to 1. The HUI-3 has been validated in the 
previous studies [29, 30].

Statistical analysis

The MRM is conceptually similar to the equipercentile 
method. It uses a simple procedure to handle tied values 
without requiring smooth cumulative distribution functions 

[17]. It uses only one predictor. In the present study, the 
MRM maps the SBI total score (sum of item scores) to the 
HUI-3 utility. The procedure is as follows:

1.	 The SBI total scores are sorted in ascending order. A 
rank is assigned to each observation. For observations 
with tied SBI total scores, the mean of ranks is assigned.

2.	 The HUI-3 utility values are sorted in ascending order. A 
rank is assigned to each observation. The ranking among 
observations with tied HUI-3 utility values is arbitrary.

3.	 Each unique SBI total score is mapped to the HUI-3 
utility value that has the same rank.

4.	 In the case of n tied SBI total scores, they are mapped 
to the mean of the n consecutive HUI-3 utility values 
whose mean of ranks equals the mean of ranks of the 
tied BI scores.

The mapped utility is referred to as MRM-total in this 
article.

For the implementation of OLS mapping, we used the 
fractional polynomial (FP) approach with one or two power 
terms (FP1 model or FP2 model) to capture the possibly 
non-linear relation between SBI total score and HUI-3 [31]. 
We also used the FP approach to simultaneously map mul-
tiple SBI items to HUI-3, with stepwise backward selection 
method and P < 0.1 as the selection criterion. The OLS-
mapped values are referred to as SBI total and SBI items, 
respectively. We also included linear OLS models for com-
parison. The R-squared and deviance difference as well as 
graphical examinations were used to guide model selection.

We did not include covariate adjustment in the regression 
analysis since this is a not a study of causation. There is no 
confounder to consider in the usual epidemiology sense. We 
are aware that some studies included covariates in the map-
ping functions. We do not agree with this practice because 
(a) it changes the purpose of mapping (to map a descriptive 
score to utility, not to map multiple variables to utility), and 
(b) it reduces the practical value of the mapping functions 
developed (they become not usable unless the covariate val-
ues are also available).

Training and validation datasets

Data were collected at the 3- and 12-month timepoints. For 
participants who had only one measurement, the data was 
used for the training/development of mapping functions. 
For participants who had two measurements, we randomly 
selected one measurement for training and used the other for 
validation. There are other methods of splitting independent 
observations into training and validation datasets. However, 
they are not developed for correlated data, such as in the 
present study where one participant may contribute more 



3180	 Quality of Life Research (2019) 28:3177–3185

1 3

than one observation. The way we split the data prevents 
statistical difficulty in the analysis of correlated data.

Evaluation criteria

The choice of evaluation criteria can affect the conclusion. 
The mean-squared errors by definition favors OLS mapping. 
To obtain a balanced overview, we used multiple criteria to 
assess the usefulness of each method. First, we compared the 
distribution of the observed and mapped utilities, including 
percentiles, mean and standard deviation. Second, we cal-
culated measures of individual level agreement between the 
mapped and observed utility values, including mean-squared 
errors (MSE), mean absolute errors (MAE), intra-class cor-
relation (ICC) and the square of Pearson’s correlation coef-
ficient (R-squared, or R2). Third, we examined whether the 
mapped utilities could be used to reproduce the association 
estimates between the observed utilities and Charlson’s 
Comorbidity Index (CCMI), by multivariate regression anal-
ysis, which allows the testing of equal regression coefficients 
between regression equations with observed and mapped 
utilities as dependent variables [32].

Results

Participant characteristics

The number of participants who were assessed for both SBI 
and HUI-3 at 3-month, 12-month and both timepoints were 
165, 63 and 245, respectively, giving a total of 718 observa-
tions. The training and validation dataset included 473 and 
245 observations, respectively.

The characteristics of the participants in the training and 
validation datasets are shown in Table 1. In the training 
dataset, the participants were on average 63-year-old and 
about two-thirds of them were male. The ethnic composition 
approximately represented the stroke patient population in 
Singapore, with 65%, 26% and 8% ethnic Chinese, Malay 
and Indian, respectively [33]. Most strokes were infarc-
tions; comorbidity was common (mean CCMI = 5). The 
mean HUI-3 and BI were 0.59 and 84.9, respectively. The 
percentages reaching the HUI-3 and BI ceilings were 5.5% 
and 53.5%, respectively. The validation dataset had similar 
participant profile.

Development of mapping functions

We began with using the SBI total score as predictor and 
implementing the OLS by 2-degree FP (FP2). Deviance 
difference showed that it fitted better than 1-degree FP 
(P < 0.001) and a linear OLS model (P < 0.001). The FP2 
model gave R2 of 0.535. However, this model showed an 

implausible, non-monotonic pattern, where the predicted 
SBI values in the SBI range of about 30 to 60 were slightly 
lower than the poorer BI values in the range of about 0 to 
30 (Fig. 1).

In contrast, despite statistical significance, the 1-degree 
FP (FP1) model only gave a slightly smaller R2, at 0.514, 
than the FP2 model. Importantly, it showed a monotonic 
pattern where lower SBI scores predicted lower HUI-3 util-
ity values (Fig. 1). It also fitted better than a linear OLS 
model (P < 0.001), which gave an R2 of 0.429. Therefore, we 
chose the FP1 model as the best OLS mapping model and, 
unless specified otherwise, OLS-total refers to the utility 
value generated by OLS FP1 model with the SBI total score 
as predictor. The estimated OLS FP1 mapping equation is:

An OLS model with SBI items as predictors was also 
implemented. The stepwise backward selection procedure 
retained 5 items, including dressing, feeding, toileting, 
ambulation/wheelchair and stairs. The model gave an R2 of 
0.548. The utility thus generated is referred to as OLS-items 
in this article. The Model details are provided in Spreadsheet 
1 of Online Supplementary File 1. In contrast, an item-level 

HUI-3 utility = 0.043638 + 6.97 × 10−7 × (SBI + 1)3

Table 1   Participant characteristics

Number (N) and % for categorical variables; mean and standard devi-
ation (SD) for continuous variables

Characteristic Training (N = 473) Validation 
(N = 245)

N/mean %/SD N/mean %/SD

Age, mean (SD) (years) 62.7 10.9 61.7 10.4
Gender
 Male 316 66.8 160 65.3
 Female 157 32.4 85 34.7

Ethnicity
 Chinese 306 64.7 150 61.2
 Malay 123 26.0 68 27.8
 Indian 37 7.8 24 9.8
 Others 7 1.5 3 1.2

Type of stroke
 Infarction 414 87.5 213 86.9
 Hemorrhage 43 9.1 24 9.8
 Both 12 2.5 6 2.5
 Missing 4 0.8 2 0.8

CCMI, mean (SD) 5.0 1.7 5.1 1.6
HUI-3, mean (SD) 0.59 0.36 0.62 0.33
At HUI-3 ceiling 26 5.5 16 6.5
At HUI-3 floor 0 0.0 0 0.0
SBI, mean (SD) 84.9 27.5 86.6 25.2
At SBI ceiling 252 53.3 136 55.5
At SBI floor 4 0.9 2 0.8
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OLS model that assumed linear relation and used the same 
stepwise backward selection procedure gave an R2 of 0.481. 
When the OLS-items values were plotted against the SBI 
total score, they mainly fluctuated around the OLS FP1 
model, with the exception that they were closer to the OLS 
FP2 model in the range of 65 to 75 (Fig. 1).

The MRM mapping function with SBI total score as 
predictor is also shown in Fig. 1 (MRM-total). It increased 
monotonically with higher SBI scores. The OLS-total, OLS-
items and MRM-total gave similar mapped utility values 
near the middle and top SBI values (about 60 and 100, 
respectively). At the lower range of SBI values, the OLS-
mapped values tended to be higher than the MRM-mapped 
values. The MRM-total mapping function is provided in 
Spreadsheet 2 of Online Supplementary File 1.

Evaluation in training dataset

The upper panel of Table 2 shows the distribution of the 
observed and mapped utilities in the training dataset. The 
means of all mapped utility values were identical to the 
observed mean, 0.590. The standard deviation (SD) of the 
MRM-total was lower than the observed by 2%. OLS-total 
and OLS-items under-estimated the SD by about 28% and 
26%, respectively (Pitman’s test, each P < 0.001). The MRM 
gave minimum, 10th, 25th, 75th and 90th percentiles and 
maximum closer to the observed values than the OLS did.

Table 3 shows the measures of agreement between the 
observed and mapped utilities at the individual level. OLS-
items had the smallest mean-squared errors and largest R2, 
but MRM-total had the smallest mean absolute errors and 
largest ICC.

To investigate whether the mapped utilities could be 
used to reproduce the association estimates between the 
observed utilities and CCMI, we examined the gradient 
of HUI-3 utility values in relation to comorbidity. In the 
observed HUI-3 data, a linear trend across CCMI fitted 
well as compared to CCMI as a categorical variable (like-
lihood ratio test, P = 0.765). Table 4 compares the regres-
sion findings using the multivariate regression method. 

Fig. 1   Observed and mapped HUI-3 utilities in relation to Shah-mod-
ified Barthel Index. MRM-total: mapping of BI Total score to HUI-3 
by MRM; OLS-Total/Items: mapping of BI total/item scores to HUI-3 
by OLS. FP1 and FP2: 1- and (up to) 2-degree fractional polynomials

Table 2   Distribution of 
observed and mapped HUI-3 
utilities in training and 
validation datasets

P percentile, MRM-total mapping SBI total score to HUI-3 by MRM, OLS-total/items mapping SBI total/
item scores to HUI-3 by OLS

Dataset Utilities Mean SD Min P10 P25 P50 P75 P90 Max

Training Observed 0.590 0.356 − 0.344 0.034 0.333 0.712 0.866 0.973 1.000
MRM-total 0.590 0.350 − 0.320 0.034 0.336 0.862 0.862 0.862 0.862
OLS-total 0.590 0.255 0.044 0.076 0.457 0.762 0.762 0.762 0.762
OLS-items 0.590 0.264 − 0.252 0.128 0.417 0.765 0.765 0.765 0.789

Validation Observed 0.625 0.335 − 0.333 0.082 0.429 0.733 0.892 0.973 1.000
MRM-total 0.608 0.338 − 0.320 0.091 0.369 0.862 0.862 0.862 0.862
OLS-total 0.604 0.242 0.044 0.147 0.503 0.762 0.762 0.762 0.762
OLS-items 0.610 0.242 − 0.195 0.186 0.492 0.765 0.765 0.765 0.976

Table 3   Mean-squared errors (MSE), mean absolute errors (MAE), 
intra-class correlation (ICC) and R-squared (R2) of mapped HUI-3 
utilities compared to observed utilities in the training and validation 
datasets

MRM-total mapping SBI total score to HUI-3 by MRM, OLS-total/
items mapping SBI total/item scores to HUI-3 by OLS

Dataset Utilities MSE MAE ICC R2

Training MRM-total 0.068 0.183 0.727 0.528
OLS-total 0.062 0.188 0.679 0.514
OLS-items 0.057 0.185 0.708 0.547

Validation MRM-total 0.061 0.171 0.733 0.537
OLS-total 0.056 0.179 0.672 0.502
OLS-items 0.056 0.178 0.674 0.504
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While there was no statistically significant difference, 
OLS-total most under-estimated the intercept and slope, 
followed by OLS-items. The MRM most closely repro-
duced the association pattern.

Evaluation in validation dataset

The lower panels of Tables 2, 3 and 4 show the evalua-
tion results on the MRM- and OLS-mapped utilities in 
the validation dataset. The findings were largely similar 
to those obtained from the training dataset, except that 
MRM now more clearly out-performed OLS.

In the lower panel of Table 2, the OLS-items predicted 
a maximum of 0.976, very close to the observed maxi-
mum 1.0. However, there was only one observation pre-
dicted to have this value. The second higher prediction 
was 0.765, which was the same as the predicted 50th, 
75th and 90th percentiles. The single observation with 
mapped utility 0.976 had an atypical pattern of limita-
tions on ADLs, with the most serious limitation in toi-
leting but no limitation in the other ADLs selected for 
inclusion in the OLS-items mapping. As can be seen in 
the OLS-items mapping function, there were non-linear 
relations between the SBI scores on feeding and toilet-
ing and HUI-3 utility. This combination of an atypical 
ADL pattern and non-linearity created this outlier. The 
true HUI-3 utility for this observation was 0.707. In the 
validation dataset, the differences in MSE, MAE, ICC and 
R2 between OLS-items and OLS-total clearly narrowed 
(Table 3).

In the validation dataset, MRM-total had the larg-
est R2 in addition to the largest ICC and smallest MAE 
(Table 3). Furthermore, its association with CCMI more 
closely reflected the observed pattern while the OLS util-
ity values more clearly under-estimated the intercept and 
slope (Table 4).

Discussion

This study extends our knowledge in two ways. First, it has 
provided MRM and OLS mapping functions for conver-
sion of SBI values to HUI-3 utility values. This can facili-
tate health technology assessment where national agencies 
accept utility data generated by mapping. Second, it has 
strengthened the emerging evidence about the performance 
of the MRM.

Two previous studies had mapped the (original) BI to 
the (3-level) EQ-5D. Since both the predictor and the util-
ity measure are different from this study’s, comparison 
of findings is only approximate. In the UK study of older 
people, the MAE of different mapping models were about 
0.20 to 0.25 in various models [12]; in the Dutch study of 
stroke patients, the ICC was 0.70 [11]. The MRM in the 
present study gave similar level of accuracy, with MAE 
about 0.18 and 0.17 in the training and validation datasets, 
respectively, and ICC about 0.73 in both the training and 
validation datasets. The UK and Dutch studies only map 
to a maximum utility of 0.79 and 0.75, respectively [11, 
12]. The proposed MRM function has less ceiling effect 
(0.862).

In this study, about half of the observations reached 
the SBI ceiling at 100. Therefore, the MRM- and OLS-
mapped utility values above the 50th percentile did not 
vary (except that single OLS-items outlier). Nevertheless, 
at the individual level, a higher SBI score is mapped to 
a higher HUI-3 utility according to the MRM function, 
as seen in Fig. 1 and Online Supplementary File 1. This 
is true even for a change from SBI score 99 to 100 (or 
from 1 to 0). Thus, the function can be used to measure 
improvement (or deterioration) as long as SBI is not 100 
(or 0) to begin with. It is foreseeable that in some context 
many study participants may have SBI score 100 from 
the beginning. In such a situation, the use of SBI-based 

Table 4   Regression analysis 
of observed and MRM- and 
OLS-mapped HUI-3 utilities 
in relation to Charlson’s 
Comorbidity Index (CCMI) in 
training and validation datasets

MRM-total mapping SBI total score to HUI-3 by MRM; OLS-total/items mapping SBI total/item scores to 
HUI-3 by OLS
a Test of difference in intercept or slope between mapped versus observed data
b Joint test of differences in intercept and slope

Dataset Covariate Utilities Intercept Pa Slope Pa Model Pb

Training CCMI Observed 0.708 − 0.024
MRM-total 0.673 0.345 − 0.017 0.317 0.606
OLS-total 0.657 0.144 − 0.013 0.123 0.303
OLS-items 0.663 0.180 − 0.015 0.156 0.366

Validation CCMI Observed 0.870 − 0.048
MRM-total 0.872 0.963 − 0.052 0.699 0.529
OLS-total 0.791 0.114 − 0.037 0.226 0.182
OLS-items 0.779 0.068 − 0.033 0.107 0.173
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mapping to evaluate a health promoting intervention may 
lead to over-estimation of cost–utility ratio. In this situa-
tion, it is advisable to collect utility data instead of relying 
on mapping, as HUI-3 has less ceiling effect than the SBI.

The application of OLS mapping functions suffers several 
known problems [5, 17]. Other regression-based mapping 
methods occasionally performed worse and occasionally 
performed better than the OLS [18, 20–26]. There is no con-
sistent result about their relative performance. Given the lack 
of progress based on regression methods, the equipercentile 
was proposed as a promising alternative to regression-based 
mapping [5]. But it was recognized that the equipercentile 
was difficult to implement in health studies due to discrete 
distributions and ceiling effects. In both simulations and 
in real datasets [17, 27], both the MRM and OLS out-per-
formed the equipercentile method.

OLS and other regression-based methods have an advan-
tage that it is straight-forward to include multiple predic-
tors and therefore suitable for mapping items of ADL or 
HRQoL measures to utility measures. Item-level mapping 
that assumed linear relation is well-documented in the lit-
erature. The issue of non-linear relation in item-level map-
ping has been less discussed. In our OLS mapping of the 
SBI total score to the HUI-3, we preferred a 1-degree FP 
model over a 2-degree FP despite slightly lower R2 in the 
former, because it showed a more plausible monotonic pat-
tern of utility increased with higher SBI. In the item-level 
OLS mapping, we lost the ability to maintain this prefer-
ence. This is because if we choose a pattern for one item, the 
other items may change from a monotonic to non-monotonic 
pattern. Indeed, two items, feeding and toileting, showed a 
non-monotonic relation with HUI-3 utility. This contributed 
to the outlier, a high mapped utility value (0.976) for a per-
son who had serious limitation in toileting in the validation 
data. The OLS-items appeared to be more capturing idiosyn-
cratic data features in the training dataset than OLS-total and 
MRM. On the other hand, using item-level analysis with 
only linear relation gave worse model fit (smaller R2). The 
present work has highlighted a feature of the MRM: The 
mapping function is constrained to be monotonic. This is 
often a conceptual advantage as reversing trajectories may 
not be plausible.

A limitation of the MRM is that it only uses one predic-
tor, the SBI total score in this case. Nevertheless, in empiri-
cal comparison with OLS that used either a total score or 
item scores, it still performed well. One possible extension 
of the MRM is that, when there are two predictors, use one 
predictor to rank the observations and then use the other 
predictor to rank among the tied observations. For example, 
some HRQoL measures generate a physical summary score 
and a mental summary score. Since utility measures often 
include more physical/functional than mental dimensions, 
investigators may consider using the physical summary score 

in the first level of ranking and mental summary score in the 
second level. Another limitation is that we have focused on 
comparing MRM and OLS and have not included compari-
sons between regression-based methods.

One more limitation of the present study is that the vali-
dation only used internal data. The training and validation 
datasets may be relatively similar as they come from the 
same study, which could mean relatively favorable validation 
results. This could have contributed to the performance of 
the MRM and OLS mapping functions in the validation data-
set. However, it should not affect the relative performance of 
MRM and OLS methods. Further validation of the mapping 
functions using external data will be valuable.

Whether the MRM out-performed the OLS depended 
on evaluation criteria used. At the group level, the MRM 
performed better than the OLS in terms of preserving the 
spread of utility distribution and preserving association pat-
tern with clinical covariates [17, 19]. In terms of mapping 
errors at the individual level, the MSE by definition favors 
the OLS. When other indicators are used, such as MAE and 
ICC, there has been no consistent pattern. In this study the 
MRM has better accuracy at the individual level according 
to most of these indicators, but previous studies have shown 
variable results [17, 19, 27]. We speculate that the range of 
utility values is a contributor to the relative performance 
of different methods. A previous study suggested that OLS 
mapping of utility in a limited range may be more accurate 
than in a broad range [34]. The previous breast cancer study 
that showed better accuracy of OLS as compared to MRM 
had no negative utility values and most of the observed util-
ity values were above 0.5. The present and two other previ-
ous studies that showed less accuracy of OLS as compared 
to MRM had broader ranges and covered negative utility 
values.

Our study involved patients within 12 months of new 
stroke diagnosis in Singapore. The data covered the 
whole range of SBI values. Users of the mapping results 
can apply it without restriction in this regard. The cohort 
study did not record reasons for loss to follow-up. So we 
could not provide a complete description of panel attrition 
and its potential impact. Nevertheless, the study recruited 
participants from five major hospitals in different parts of 
Singapore. The multi-centre nature and recruitment crite-
rion ensured that the sample findings are generalizable to 
patients who recently have had stroke in the country. Fur-
thermore, comparing this sample with patients attending 
a rehabilitation clinic in Singapore who were on average 
22 months post-stroke [35], it can be seen that their age, 
gender and SBI are not very different: mean SBI equaled 
88.9 in the rehabilitation study versus 84.9 and 86.6 in 
the training and validation samples here. Further compar-
ing with data from the National Disease Registry Office 
[33], which pooled first and recurrent strokes, our sample 
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bore some characteristics that are similar to the national 
data, such as older age among Chinese than Malay and 
Indian patients, and older age among females than males. 
As such, we expect that the findings from this sample are 
widely applicable to stroke patients in Singapore in gen-
eral. Further validation of the mapping functions in other 
populations would help to shed more light on the perfor-
mance of the mapping functions generated and generaliz-
ability of the comparative findings.

Currently, there is no Singapore tariff for the calculation 
of the HUI-3 utility. Hence, we used the original, Cana-
dian tariff. The HUI-3 system together with the Canadian 
tariff had previously been shown to be valid in health-
care settings in Singapore [29, 30]. The Agency for Care 
Effectiveness has indicated that local tariff is preferred if 
available, but it is not a requirement [9]. Therefore, the 
mapping functions developed here will be useful in Singa-
pore. Furthermore, it may also be useful in other countries 
where there is no local HUI-3 tariff, but further evaluation 
will be needed to confirm this.

There is a number of strengths in this study. The map-
ping functions generated are applicable to the full range 
of the SBI scores. As compared to many other studies that 
are single-centre, this multi-centre study has the strength 
of wider generalizability. Furthermore, we use a relatively 
new method, MRM, that has several advantages including 
minimal shrinkage of variance and less over-estimation 
(under-estimation) of health utility among people with 
poor (good) health states. It also provides further infor-
mation about the properties of the MRM.
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