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Abstract

Background Utility scores for use in cost-utility analysis
may be imputed from the SF-36 health instrument using
various techniques, typically regression analysis. This
paper explored imputation using partial credit Rasch
analysis.

Method Data from the Assessment of Quality of Life
(AQoL) instrument validation study were re-analysed
(n = 996 inpatients, outpatients and a community sample).
For each AQoL item, factor analysis identified those SF-36
items forming a unidimensional scale. Rasch analysis
located scale logit scores for these SF-36 items. The logit
scores were used to assign AQoL item scores. The standard
AQoL scoring algorithm was then applied to obtain the
utility scores.
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Results Many SF-36 items were limited predictors of
AQoL items; some items from both instruments obtained
disordered thresholds. All imputed scores were consistent
with the AQoL model and fell within AQoL score
boundaries. The explained variance between imputed and
true AQoL scores was 61%.

Discussion Rasch-imputed mapping, unlike many regres-
sion-based algorithms, produced results consistent with the
axioms of utility measurement, while the proportion of
explained variance was similar to regression-based model-
ling. Item properties on both instruments implied that some
items should be revised using Rasch analysis. The methods
and results may be used by researchers needing to impute
utility scores from SF-36 health scores.
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Abbreviations
AQoL  Assessment of Quality of Life multi-attribute
utility instrument

CUA Cost-utility analysis

DIF Differential item functioning
EFA Exploratory factor analysis
ICC Intra-class correlation

MAU  Multi-attribute utility
QALY Quality-adjusted life year
SF-36  Short Form-36 health survey
Introduction

Decisions concerning the allocation of available health care
resources require judgements which, ideally, are informed
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by evidence concerning the comparative performance of
alternative service or intervention options. Often, however,
findings from economic evaluations may quantify health
gains in very different ways, making comparisons difficult.
Cost-utility analysis (CUA) is increasingly used as a way of
overcoming this difficulty because it provides a common
outcome metric, the quality-adjusted life year (QALY),
which enables the calculation of cost-per-QALY ratios for
use in economic evaluation. The most common method of
obtaining utilities is through the administration of a multi-
attribute utility (MAU) instrument [1]. Where repeated
observations are available, the utilities (preferences for
health states) obtained from MAUs can be used to compute
QALYs.

Many studies, however, have not collected utilities but
have quantified health gains using descriptive measures of
health status (typically the Short Form-36 [SF-36] [2]), thus
restricting the availability of QALY's for comparative pur-
poses. Consequently there have been several attempts at
mapping health status scores to utility scores. Generally
researchers have used one of two techniques. Most have used
regression to model SF-36 to utility scores [3—8]. In contrast
Brazier et al. developed a direct algorithm for a utility
measure based on selected SF-36 items [9, 10]. Mappings or
cross-walks allow utilities to be recovered where only
descriptive measures of health status have been collected;
cost-effectiveness to be expressed in cost per QALY terms
rather than as a cost per point improvement on the main
clinical outcome. The Rasch partial credit model considered
here provides a third alternative for imputing utilities or
QALY weights from descriptive measures of health status.

A substantial literature has now been accumulated con-
cerning the methods, application and validity of techniques
for imputing or predicting QALY weights from descriptive
measures [11]. Recently, this literature has started to address
some of the shortcomings of the relatively simple regres-
sion-based approaches that have dominated the literature
and the capacity of such methods to deal with discontinuity
and non-normality in the data. For example, the derivation of
regression-based methods using subscale- or scale-level data
on a descriptive measure such as the SF-36 has the effect of
imposing restrictions on the relationship between the
information contained in the descriptive system measure and
utility scores. Regression using item scores will entail fewer
restrictions. The results reported by Mortimer et al. [6] did
not, however, find that algorithms for converting SF-36 item
scores into AQoL utilities resulted in a significantly lower
magnitude of error than scale- or subscale-based algorithms
when predicting between-group differences.

However, even the use of item scores may have the
effect of imposing restrictions on functional form and
obscuring discontinuities in the data that might arise from
disordered item responses (a disordered response is one
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that has a higher probability of being selected by respon-
dents than is warranted by their underlying health state, e.g.
if persons in ‘good’ health endorse a ‘fair’ health state, then
the categories ‘good’ and ‘fair’ health may be disordered).
For this reason, Lundberg et al. [12] and Brazier et al. [13]
derived regression-based algorithms using response-level
data, with each level of each item entered as a categorical
variable, thereby, avoiding the inappropriate imposition of
ordinal or interval properties. Similarly, Gray et al. [14]
employed multinomial logistic regression to directly map
to response categories on the preference-based target
measure. The use of response-level rather than scale- or
subscale-level data produced only modest improvements in
the predictive power [13]. Quantifying any loss of predic-
tive validity associated with the sort of restrictions on
function form that arise from the use of scale-, subscale- or
item-level data is of particular interest because scale- or
subscale-based mappings generally have a wider applica-
tion than item-based mappings (due to the fact that scale-
or subscale-level data [but not item-level data] are com-
monly available from published studies).

Rasch modelling may provide an alternative means of
imputing utility from health scores with alternative
restrictions on function form. The model is a one-parameter
model in the sense that it meets Thurstone’s scaling
requirements (that the measurement scale used must be
independent of the object of measurement) [15, 16]. The
Rasch model uses probabilistic models consistent with a
probabilistic interpretation of the axioms of Guttman
scaling [17]. Guttman scales are particularly useful in
health research because they place people in order on a
unidimensional scale. Diagnostic and screening tests
require standard rules that enable the classification of
people into the correct population with minimum levels of
misclassification; e.g. healthy/diseased, benign/malignant,
excellent health/good health/fair health/poor health, smo-
ker/occasional smoker/non-smoker [18].

The original Rasch dichotomous model [19] specifies
that the probability of item endorsement is a function of
two different parameters, which are the underlying ability
of the respondent and their expected item response. Mas-
ters generalized this to the partial credit Rasch model
(hereafter, Rasch analysis) for use with items with multiple
response categories [20], thus:

exp; ('Bn - 5ij)

(1)

Txni =

m; k
Z eXPZ (ﬂn - 51])
k=0 Jj=0

where 7,,; is the probability of a respondent, n, endorsing
an item, i, at a given level, x, as a function of the respon-
dent’s ability, f3,,, and the difficulty of the item m-steps, 9,
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where m represents successive thresholds between the item
response categories and j is the number of response levels.
Thus, 6, is the difficulty of the probability threshold
between item i response categories j — 1, where there are
mi + 1 categories. d,y is 0 by convention. As reported by
Masters [20], the equation permits the elimination of the
respondent’s ability from item estimations, thus, creating
two internal parameters representing the respondent’s
ability and the item difficulty.

The relationship between these parameters enables the
researcher to judge how well an item is performing. Fig-
ure 1 illustrates this with respect to item #4 from the AQoL
instrument [21]. Along the bottom (x-axis) is a person’s
parameter or ability to respond to the item, where this
refers to the latent trait of interest within the individual—in
the current context a person’s intrinsic health status. Up the
side (y-axis) is the expected response value, based on the
available probability thresholds (if there are four response
levels, then there are three available thresholds between
levels 1/2 and 2/3 and 3/4). The resulting empirical curve
showing the relationship between the two parameters is the
item characteristic curve, which plots the probability of a
person with a logit ability selecting an expected response
level.

For example, when a person selects an item response
category the probability of endorsing that category in
preference to the next category can be calculated. Response
category thresholds refer to the point where the probability
of endorsing one response category is equal to the proba-
bility of endorsing the next category (in Fig. 1, the
horizontal lines represent equi-interval expected or proba-
bility thresholds). Good fitting models are where there is a
graded monotonic relationship between the person ability
and the item response categories such that persons with low
abilities (e.g. being unable to wash or toilet themselves)
endorse low response categories (e.g. unable to carry out

4.0
Expected
response 3.0 -
valuee 0 fTTTTTTTTTTTTo =
(where 2.0 1
1 =beststate) | _—

1.0

-3 2 -1 0 1 2 3

Person location

(i.e. ability; in logits, where -3 = best state)

Note:

Dashed lines represent equi-interval expected thresholds between response
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Fig. 1 Item characteristic curve for the Assessment of Quality of Life
(AQoL) item #4, “Personal care”

personal care tasks). Two important function form
assumptions implicit in Rasch analysis are those of
invariance (that item properties exist independently of the
respondent) and local independence (that where the abili-
ties influencing responses are held constant the responses to
items are assumed to be independent of each other).

Rasch analysis, then, may provide a method of con-
trolling for variation in respondent characteristics, such as
in a biassed unhealthy sample (where it might be expected
that most people will report poor health). Importantly, it is
suited to the situation where there is ordinal data or where
the data are non-normal [20, 22, 23]. The SF-36 instrument
and all utility measures use item response ordinal scales
producing non-normal data distributions.

In the current context, Rasch analysis offers three
methods of assessing the properties of items: (a) the ability
to examine items’ response scale performance, thus making
sure that the response levels within an item are discrimi-
nating as expected (threshold analysis); (b) the opportunity
to observe if known groups differ in their interpretation of
an item (differential item functioning [DIF]); and (c) the
capacity to identify the location of items on a common
logit (logistic) scale thus enabling test linking [24]. It is this
last property that is of particular interest for imputing
utility from health.

At this present time, no studies have been published
using Rasch analysis (or any other item response theory
model) to examine the relationship between health function
and scores suitable for use in cost-utility analysis. Of the
several possible reasons for this situation, three may be
particularly important. In general, utility instruments were
developed by health economists whose interests were not
in measurement theory but in the problem of valuing health
outcomes for inclusion in economic evaluation. The second
is that scales on which scores are represented have different
meanings, thus, a score of, say, 0.5 on a utility scale does
not have the same meaning as a score of 50, which is a
percentage score, on one of the SF-36 scales. The third is
that Rasch analysis demands that the items contributing to
a scale are unidimensional, whereas MAU instruments
attempt to cover the whole of life. By definition, they are
heterogeneous (the requirement for unidimensionality,
however, may be overcome by examining unidimensional
sub-scales within MAU instruments).

The use of Rasch analysis may therefore hold the
promise of providing an alternative way of mapping health
states to utility scores. This has not been previously
reported, although Rasch analysis has been used to exam-
ine the response levels within items [25], to select items for
inclusion in a descriptive system [26], to examine the
performance of a descriptive system cross-culturally [27]
or of different response levels within a MAU instrument
[28].
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Somewhat differently, this study investigated the use of
Rasch analysis to derive an algorithm enabling the com-
putation of AQoL utility scores from the SF-36 health
status measure. We expected that a Rasch analysis would
provide imputed AQoL item scores which could be used in
the standard AQoL scoring algorithm.

Methods

Data from the Victorian validation study of the AQoL were
re-analysed [1, 29].

Participants

Participants were a stratified sample of Victorian residents,
selected to cover a very broad range of health conditions,
from those who were healthy through to those who were
terminally ill. The strata were: (a) randomly selected
community members weighted by socio-economic status to
achieve representativeness of the Australian population; (b)
outpatients attending two of Melbourne’s largest public
hospitals (the method used was random sampling within
selected time frames); and (c) inpatients from three Mel-
bourne hospitals (purposive sampling was used within
wards based on the severity of condition).

Measures

The SF-36 version 1 [2] was administered to participants.
This is a health status instrument comprising 36 items
covering physical functioning, role physical, bodily pain,
general health, vitality, social functioning, role emotion
and mental health. For this study, only individual items
were used. Scale scores were not computed or used.

The Assessment of Quality of Life (AQoL) instrument
is an MAU instrument [1, 21]. There are 12 items forming
four dimensions: independent living, social relationships,
physical senses and psychological well-being. The stan-
dard utility algorithm for scoring it is as follows. Item
responses from an individual are replaced with community
preference values, where those values were obtained from
a representative sample of the population using time trade-
off (TTO). A multiplicative model is then used to combine
these new scores into the four-dimension scores, again
weighted by community preferences obtained through
TTO. The resulting four-dimension scores are then com-
bined into a single score, which is re-weighted (again
from a community sample based on TTOs) and presented
as a utility score on a life—death scale, where the end-
points are —0.04 (worse than death HRQoL equivalent
state), 0.00 (death equivalent HRQoL state) to 1.00 (best
HRQoL).
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Statistical analyses

A three-part analysis procedure was followed.

The first part used exploratory factor analysis (EFA) to
identify for each AQoL item the associated SF-36 items.
The purpose was to identify, for each AQoL item, those
SF-36 items forming a unidimensional scale with it being
suitable for Rasch analysis [30, 31]. The reason for the use
of EFA to do this was the requirement of Rasch analysis
that items form a unidimensional scale. The robustness of
factor analysis under non-normality has been previously
demonstrated [32]. Prior to analysis, the data were checked
to test for adequate sample size, the presence of outliers,
inter-item correlation, the number of variables and sam-
pling adequacy [33-36]. The procedure itself involved an
iterative series of principal component and rotated analyses
aimed at extracting the maximum variance from the dataset
with the minimum number of unrelated components,
assuming that for each item all of the variance could be
ascribed to a common underlying factor. Following the
principal component analysis, the factors were rotated
using oblimin (with delta = 0.00) and then varimax rota-
tions. To determine the number of factors to be retained,
only factors with an eigenvalue of 1.0 or more were
retained for further investigation. Iterative forced analyses
[37] of each AQoL item with 35 SF-36 items showed that
the best models, overall, were those with three-factor
solutions. Each AQoL item was entered and SF-36 items
iteratively entered and withdrawn until those SF-36 items
sharing the same vector as the AQoL item of interest were
identified.

Following completion of the EFA, Rasch analyses were
constructed where each model was based on sampling
those with variance among the items of interest (i.e. all
those with ceiling scores among the items of interest for
each particular model were excluded). Generally, this
provided sample sizes of between 800 and 970 cases. There
was one instance where the sample size was n = 250,
which was half of the sample size reported by Stone and
Yumoto [38] for infit and outfit error convergence, but
which was above the minimum sample size requirements
for Rasch analysis with restricted targetting [39], which
was the case in this study. A separate model was con-
structed for each AQoL item and its associated SF-36
items; thus, 12 iterative models were constructed—one for
each AQoL item. Item probability thresholds were then
examined and, where necessary, items were recoded to
remove disordered thresholds. The procedure for combin-
ing categories was to accept the recoding option which
provided the greatest differentiation in the expected
threshold probability curves between item levels. Figure 2
illustrates this for the AQoL item #4, “Personal care.” As
shown in Fig. 2a, response category 2 (needs occasional
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help with person care) is dominated by response category 1
(needs no help); after combining these two categories to
remove the disordered threshold the probability curves
presented in Fig. 2b were obtained.

Poor or redundant items from each resulting scale were
then iteratively removed using Rasch analysis. Items were
removed if the fit residual exceeded 2.50 [40] (which
approximates P < 0.01, whereas a value of 2.00 is an
approximation of P < 0.05, which is a less stringent uni-
dimensionality requirement) and removal improved the
overall unidimensional model fit statistics. The reason for
accepting this was that fit statistics are a function of sample
size and test length, as well as unidimensionality; with
small samples minor discrepancies will result in items
being (by chance) classified as misfitting and, therefore,
excluded even though they may function perfectly well
[38, 41]. We wished to avoid this situation through being

1.0 - =
a ] e 3
4 L~
> | U ‘./
= 1 /
£ 059 N\ .
8 1 .- 7°~
& Vo, . SQ2
s R \(.1 ~o
T ..~ N S~~
0.0 —F=——r L mm—
-3 -2 -1 0 1 2 3

Person location
(i.e. ability; in logits, where -3 = best state)

e Key:
0 = No help needed (N=757)
1 = Occasionally needs some help (N=135)
2 = Needs help with more difficult personal care (N=45)
3 = Needs daily help (N=46)

3
b 1.0 e —"
J P
& \0.+1 P
E 1 \ »
5 0.5 L2 Re
o e R P 4L
N T
] / .\'\ .................
0.0 w—t } ' :‘~__:_ _-:-_- ........... i
-3 -2 -1 0 2 3

Person location
(i.e. ability; in logits, where -3 = best state)

e Key:
0+1= No help needed , Occasionally needs some help
2 = Needs help with more difficult personal care
3 = Needs daily help

Fig. 2 a Unrecoded probability curves for AQoL item #4, “Personal
care.” b Recoded probability curves for AQoL item #4, “Personal
care”

over-inclusive rather than exclusive. The process was
iteratively continued until the item and person model fit
statistics deteriorated following the removal of an item.

The models were then re-run, excluding each AQoL
item, to extract the logit scale scores for the SF-36 items
associated with the AQoL item of interest. These logit
scale scores were then plotted against the actual responses
to the AQoL item and the cut-points on each logit scale
defined. The mean logit scale score for each AQoL item
response level was observed, as were the standard devia-
tions around that logit mean. The standard deviations for
each pair of consecutive AQoL item levels were then
compared and, for each pair of standard deviations, the
mean logit score computed; this then became the cutpoint
for assigning the imputed AQoL item scores. For example,
for the AQoL item #4, “Personal care,” the final SF-36
items used to impute scores were items SF3A, SF3F,
SF3@G, SF3I and SF3J. Simple summation of these items
provided a scale with scores from 5 (worst possible health)
to 15 (best possible health). Based on the logic scale, the
cutpoints for AQoL item #4 (value in brackets) were <5
4), 6 (3), 7-10 (2) and >11 (1).

The standard AQoL scoring algorithm was then applied
to the data for scoring the AQoL. The results were com-
pared with directly obtained AQoL utility scores.

Data analysis was conducted using SPSS version 13.0
software for Windows [42] and RUMM2020 4.0 [43].

Results

The sample comprised 996 adults. The response rates were
58% (n = 396) for the community sample, 43% (n = 334)
for outpatients and 68% (n = 266) for inpatients. The
community sample comprised 46% of the study population,
outpatients 38% and inpatients 16%. Fifty percent of
respondents were male, the mean age was 52 (standard
deviation [SD] = 18) years, 75% were Australian-born and
89% reported that English was their first language. Sixty
percent of the sample were partnered (married, de facto),
18% were single, 11% were separated or divorced and 12%
widowed. For education attainment, 64% had completed
either primary or high school, 13% held a trade certificate
and 23% a university degree. Forty-seven percent were in
the labour force (working or studying), 34% were retired,
10% were homemakers and 9% were unemployed or
reported other non-working activities.

The results of the EFA exploring the relationship
between each AQoL item and its associated SF-36 items
loading on the principal component are shown in Table 1.
The table shows the percentage of explained variance for
each model, the factor loading of each AQoL item and the
associated SF-36 items. As mentioned in the Methods
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section, a variety of forced models were explored and
three-factor models were found to provide the best fit to the
data. For example, the initial solution for the AQoL item #5
yielded five components explaining 67% of the variance.
The fifth factor, however, was poorly represented, so a
forced four-factor solution was examined. This explained
64% of the variance, but not all of the communalities met
the criteria of >0.30, nor did all variables load substantially
on just one component (>0.30). When a three-factor
solution was tested, the proportion of explained variance
was 61% and all communalities were >0.30, the pattern
coefficient was >0.40 and all variables loaded substantially
on only one component (hence meeting the need for uni-
dimensionality). The other 11 AQoL items contributing to
the AQoL utility score were subjected to similar analysis.

The loadings roughly followed item content. The AQoL
items on the “Independent living” dimension (#A4, #AS
and #A6 in Table 2) were associated with the SF-36
physical items and the AQoL “Social relationships™ items
(#A7, #A8 and #A9) were associated with the SF-36 items
assessing energy to do things or restrictions on doing
things. The “Physical sense” AQoL items (#A10, #Al1
and #A12) varied more. The AQoL items assessing vision
(#A10) and communication (#A12) were associated with
SF-36 items concerned with the energy to do things or
restrictions on doing things, whereas the AQoL item cov-
ering hearing (#All) was associated with the SF-36
physical items. It is possible that this relationship reflects
hearing loss in older adults who may also suffer increased
physical restrictions. The AQoL “Psychological” dimen-
sion items (#A13, #A14 and #A15) were associated with
SF-36 items concerned with the energy to do things or
restrictions on doing things. #A15 (pain) was also associ-
ated with the SF-36 items covering pain.

A feature of the table is the limited factor loadings
(<0.30) of five of the AQoL items: items assessing family
role (#A9), vision (#A10), hearing (#A11), communication
(#A12) and sleeping (#A13). The reason for this is that
there are no SF-36 items assessing these aspects of peo-
ple’s lives.

After recoding of the item response scales to remove
disordered thresholds where they occurred, each of the
EFA models (the columns in Table 1) were then examined
using Rasch analyses. Table 2 provides an example of the
modelling for the AQoL item #4 (“Do I need any help
looking after myself?”) and shows the various item fit
statistics which were obtained. As shown, several of the
SF-36 items which loaded on the EFA in Table 1 on the
principal vector as the AQoL item #4 were discarded
(iteratively) because they failed to meet the Rasch analysis
criteria outlined in the Methods section, including SF-36
items #1, #3b, #3c, #3d, #3e and #3 h. The final model
shown here was satisfactory, as indicated by the various
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summary statistics in the table. That the SF-36 items in
Table 2 have negative fit residuals is indicative of local
dependency; i.e. that these items are dependent upon one
another (e.g. consider SF-36 items SF3g and SF3i. These
two items are dependent upon each other—if a person
cannot walk 100 metres, he/she certainly cannot walk
1 km. This lack of independence means these items
‘overfit’ (i.e. are more predictable) rather than misfit (as
would be indicated by a positive fit residual)).

Table 3 summarizes the results for all AQoL items. Of
the 36 items comprising the SF-36 instrument, 25 were used
across the different models. The number of items in the
models varied from 4 to 10. The most commonly used items
from the SF-36 were items #9D, #9E and #91 assessing
having sufficient energy, being calm and peaceful and being
tired, respectively. The fit statistics were all satisfactory in
that for all models the item and person (ability) fit statistics
fell within the acceptable range. Similarly, there were no
significant interactions between item and person (ability) fit,
indicating good separation of these.

As described in the Methods section, each model was
then re-run after excluding the AQoL item, the SF-36 items
scale score estimator extracted and plotted against the
relevant AQoL item, cut-points on the estimator estab-
lished as described and the AQoL item responses imputed.
Table 3 shows the cutpoints on the summed scaled SF-36
items for each AQoL item.

The standard AQoL scoring algorithm was then applied
to the imputed item data for scoring the AQoL. Following
imputation, the relationship between the SF-36 logit esti-
mator imputed AQoL utility scores and the original AQoL
utility scores was examined. The Spearman correlation was
re=0.77 (n = 867, P < 0.01) and the linear r* = 0.61.
Figure 3 shows a scatterplot of the two AQoL scores with a
linear trendline and 95% confidence intervals.

Discussion

Because utility data have often not been collected in
studies, researchers have sought to model utility scores on
MAU instruments using either regression or the direct
revaluation of SF-36 health states [11]. Mappings obtained
from direct revaluation of the descriptive measure typically
condense the descriptive measure before valuation. Pre-
dicted utilities obtained from direct revaluation can
therefore only ever be a subset of the set of health states
covered by the original descriptive measure, and this might
manifest as floor or ceiling effects. In this context, it is
worth noting that the direct revaluation of the SF-36 to
produce the SF-6D produces a floor effect at around 0.30.
SF-6D utilities are therefore unsuitable for estimating
QALY weights in severely ill populations or for severe
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Table 1 Factor loadings and the percentage of variance explained by three-factor models with AQoL items

AQoL items

A4 AS A6 A7 A8 A9 A10 All Al2 Al3 Al4 AlS
Percentage of variance 58 59 59 58 58 59 58 58 58 58 59 50

explained (%)

AQoL item loading —-0.536  0.649 —0.638  0.428  0.621 0267 0.263  0.257  0.251 0359 0.813 —0.367
SF 1 —-0.367 0391 -0373 0438 0400 0452 0450 0397 0447 0465 0.3%
SF 3a —-0.556 0579 —0.549 0.595
SF 3b —-0.767  0.777 —0.760 0.774
SF 3c —0.804 0.802 —0.798 0.795
SF 3d —0.806  0.812 —0.805 0.821
SF 3e —0.890 0.884 —0.890 0.880
SF 3f —0.789  0.784 —0.783 0.788
SF 3g —-0.867 0.873 —0.864 0.874
SF 3h -0926 0916 —0.924 0.912
SF 3i —0.878 0.855 —0.873 0.845
SF 3j —0.703  0.663 —0.681 0.643
SF 4a —0.873
SF 4b —0.853
SF 4c —0.810
SF 4d -0.777
SF 5a 0.308  0.334 0.301 0.318 0385 —0.527
SF 5b 0330 0.354 0.320 0337 0304 0406 —0.534
SF 5c 0358  0.371 0.350 0369 0337 0415 —0.381
SF 6 —0.516
SF 7 —0.601
SF 8 —0.645
SF 9a 0501 0479 0508  0.507 0515 0516 0495 —0.349
SF 9b 0758  0.773  0.759  0.757 0.761 0.756  0.795
SF 9c 0.753  0.766  0.753  0.751 0.764  0.750  0.798
SF 9d 0719  0.696  0.724  0.720 0.721 0.729  0.723
SF 9e 0.461 0432 0475 0472 0.474 0487 0.434
SF 9f 0.798  0.804 0.805 0.797 0.806  0.803  0.831
SF 9¢g 0.615 0.608 0.628  0.621 0.624  0.631 0.618
SF %h 0.777  0.763  0.780  0.770 0775  0.779  0.781
SF 9i 0586 0.565 0.596  0.593 0596  0.599  0.570
SF 10 0303  0.302 0.303 0314 0300 0333 —0.438
SF 11a 0.538 0499 0.552 0547 0.545  0.557  0.505
SF 11b 0435 0392 0454 0448 0.441 0464  0.383
SF 11c 0.400 0364 0410  0.409 0398 0422  0.348
SF 11d 0478 0436 0499  0.496 0.489 0510 0.438

Factor loadings <0.30 are suppressed from the table

health states [9, 10]. By way of comparison, the imputed
utilities reported here cover the entire —0.04 to 1.00 range
of the AQoL scale.

Imputed utilities obtained from Rasch analysis might
also offer advantages over many regression-based map-
pings. Regression-based models published to date have
explained between 51 and 70% of the variance in observed

utility scores [3, 5-8, 11]. Generally, these results should
be regarded as being very good, given that they may be
sample-dependent and that there is sufficient evidence
suggesting that quality of life is determined by salutogen-
esis rather than pathogenesis, thus giving rise to adaptation.
As health declines other aspects of life, such as relation-
ships, may become more important.
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Table 2 Final partial credit Rasch analysis of the recoded AQoL item #4 with SF-36 items: individual item fit statistics

Location (a) SE (b) Fit residual (¢) df (d) Xz (e) df (d) P-value (f)
A4 Need help looking after self —0.95 0.13 1.41 202.08 8.15 7 0.32
SF3A Vigorous activities 2.56 0.12 —0.05 201.25 4.67 7 0.70
SF3F Bending, kneeling or stooping 0.52 0.12 —1.10 201.25 11.37 7 0.12
SF3G Walking >1 km 0.65 0.12 —1.45 201.25 9.11 7 0.24
SF31 Walking 100 m —1.16 0.14 —2.35 202.08 9.43 7 0.22
SF3] Bathing or dressing self —-1.62 0.15 —0.67 202.08 6.57 7 0.47

Summary statistics: mean item fit residual: —0.70 (SD = 1.29); mean person fit residual: —0.47 (SD = 1.07); person separation index (i.e. Rasch

test reliability analysis): 0.86; XZ =49.32,df =42, P = 0.20
a = in logits
b = standard error

¢ = item fit residual (i.e. the relationship of the observed score with the expected score for each person—item relationship)

d = degrees of freedom

e = Chi-square

f = probability value

* = misfitting items, fit residuals >I2.50I, equivalent to P < 0.01

Rasch analysis may assist with this problem because it
separates persons from their scores and, as used in this
study, uses probabilistic models of Guttman scaling,
enabling the imputation of item values between instru-
ments. Rasch analysis also imposes a different set of
assumptions on function form than those implicit in
regression-based imputations, as discussed in the Methods
section. Thus, in deciding how to impute utility scores in
any particular study, there may be a trade-off between the
assumptions of regression against those of Rasch analysis.
The assumptions are that the probability of a response is a
function of the respondent’s underlying state, that items
possess local independence and that items form a unidi-
mensional scale. The findings presented in the tables
suggest that these assumptions were met: the factor anal-
yses ensured unidimensionality, which in turn is an
accepted test for local independence [44].

In this study, many of the SF-36 items were poor pre-
dictors of AQoL items (Table 1). The reason for this may
be that the AQoL is concerned with assessing a person’s
quality of life from the perspective of handicap arising
from an intrinsic health condition [21]. In contrast, the
SF-36 measures health function. Indeed Ware et al. in the
SF-36 Version 1 Manual and Interpretation Guide deny that
the SF-36 measures quality of life at all [2].

This was an exploratory study which used some of the
techniques from Rasch analysis test-equating [24, 44—46],
but in the health-related quality of life field. To our
knowledge it is the first study to attempt to do this. Possible
reasons for this are that predicting utility scores from health
scores does not meet the requirement for test-equating, that
using Rasch analysis for this is more resource-intensive
than regression-modelling and because it places higher

@ Springer

demands on available datasets because it requires the use of
individual data.

The theoretical consistency of imputed AQoL utility
scores with the properties of the AQoL scale was superior
to that of the predicted AQoL utility scores reported in our
previous paper, where we used sophisticated regression
modelling with the same dataset [6]. In contrast to pre-
dicted AQoL scores from our regression models, all
imputed AQoL scores from the Rasch analyses fell within
the bounds of the AQoL scale and relate to health states
that exist in the AQoL descriptive system. Where a
researcher has a database with raw SF-36 item scores,
Table 3 can be used to impute AQoL data through sum-
ming the scores of the relevant SF-36 items and then
imputing each AQoL item score using the cutpoints pro-
vided. The resulting data can then be used with the normal
AQoL utility scoring algorithm.

The predictive validity of the Rasch analysis imputation
model was, however, modest. As shown in Fig. 3, the
explained variation between the imputed AQoL utility
scores and the observed AQoL scores was 61%, which was
consistent with the range reported in the literature for
regression-based models imputing utility scores from the
SF-36 [3, 5, 7, 8]. However, it was considerably lower than
that reported for our regression models using the same
dataset [6]. There are several reasons which may help to
explain this modest finding.

As already noted, there is no necessary reason that
SF-36 items should predict AQoL items because these two
instruments are concerned with different aspects of peo-
ple’s lives. It should also be borne in mind that neither the
SF-36 nor AQoL were designed to be used at the individual
level. The implication is that the accuracy of items will be
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Table 3 Rasch analysis models, statistics and scoring for all AQoL items

AQoL item SF-36 items* Rasch analysis model statistics
No. Content Mean item  Mean person PSI Item—person interaction  Cutpoints on summed
fit residual  fit residual  (a) > scales from SF-36
(SD) (SD) ©(0) df o Pvalue e (e
© (@

A4 Self-care 3A, 3F, 3G, 31, 3]

A5  Daily tasks 3A, 3F, 3L, 3]

A6  Mobility
A7 Intimacy

3B, 3C, 3G, 31

9D*, 9F

5A, 5B, 9C, 91, 11A,
9E*, 9D*, 9H*, 11D*

9C, 9F, 9G, 91, 9A*,

A8  Friendship

A9 Family role

9E*, 11D*

A10 Vision 5B, 5C, 9C, 91, 9D%*,
9H*, 11D*

All Hearing 9C, 9F, 9G, 91, 1*, 9E*,

9D*, 9H*, 11D*

Al12 Communication 5A, 5B, 9C, 9F, 9G, 91, —0.52 (1.01) —0.35 (1.15) 0.90 106.24 108 0.53

9A*, 9E*, 9D*, 11D*

A13 Sleeping 9C, 9F, 91, 1*, 9E*, 9D*

Al4 Anxiety 5A, 5C, 9C, 9F, 9A*,
9E*, 9D*, 9H*

Al5 Pain 4A, 5A, 5B, 5C, 6%, 7*

—0.70 (1.29) —0.47 (1.07) 0.86

—0.83 (0.52) —0.46 (0.67) 0.84

0.18 (0.31) —0.26 (0.80) 0.91
5B, 9C, 9G, 91, 1*, 9E*, —0.11 (1.22) —0.32 (1.11) 0.88

—0.09 (1.26) —0.28 (1.06) 0.85

—0.14 (0.65) —0.38 (1.14) 0.88

—0.48 (1.39) —0.35(1.01) 0.79

0.04 (1.26) —0.37 (1.22) 0.87 100.61 90 0.21

0.19 (1.55) —0.40 (1.31) 0.83

0.07 (0.82) —0.40 (1.12) 0.90

—0.62 (0.99) —0.35 (0.90) 0.83

4932 42 0.0 <5 (4)/6 (3)/7-10 (2)/
>11 (1)

<5 (4)/6-7 (3)/8-9 (2)/
>10 (1)

<4 W)/5 3)/6 2)/=7 (1)

<19 (4)/20-22 3)/
23-31 (2)/>32 (1)

<18 (4)/19-23 (3)/
24-32 (2)/>33 (1)

<10 (4)/11-15 3)/
1627 (2)/>28 (1)

<6 (4)/7-10 3)/11-21 (2)/
>22 (1)

<7 (4)/8-9 (3)/10-19 (2)/>20
(D

<9 (4)/10-16 (3)/17-27 (2)/
>28 (1)

<17 (4)/18-24 3)/
25-28 (2)/>29 (1)

<16 (4)/17-23 3)/
24-31 (2)/>32 (1)

<7 (4)/8-9 (3)/10-15 (2)/
>16 (1)

4142 30 0.08

45775 35 0.11
7625 81 0.63

99.59 90 0.23

82.06 72 0.20

89.17 72 0.08

7549 63 0.13

90.35 73 0.08

75.81 58 0.06

* Reversed item before summation

a = person separation index (i.e. Rasch test reliability analysis)
b = Chi-square

¢ = degrees of freedom

d = probability

e = cutpoints on summed scales of SF-36 items, AQoL item values in parentheses

limited. This is shown by the item and instrument score
standard deviations, which are typically 20% of the scale
range. The consequence is that there will be substantial
misclassification at the item imputation level. A related
reason may be that selected items from both instruments
suffered poor response distributions (in that there was
considerable sparse data) and disordered thresholds. For
these reasons, many of the items were recoded prior to
analysis; the analyses should be regarded, therefore, as
rather imprecise estimates. A third reason may be the rather
arbitrary nature of the cut-points we used, which were
based on the standard deviations around item response
levels, although we note that no better procedure has been
suggested in the literature [40].

In summary, there is good reason to suspect that the
findings from this study are a function of the limitations of
the different purposes of the two instruments, the items

themselves and the procedure used. The general conclusion
is that, although we have demonstrated that the Rasch
analysis procedure can be used to map health status to
utility and overcome some of the limitations of regression-
based models (which systematically ignore issues of
meaning and item measurement), its use exposes the psy-
chometric properties and meanings of items to a high level
of scrutiny. There may be a trade-off; regression-based
imputations assume relationships that have the advantage
of obscuring or minimising item difficulties, whereas
Rasch analysis requires instruments with similar meanings
and with items that have better properties than those cur-
rently available, at least in the SF-36 and AQoL. This
conclusion is consistent with Teresi’s argument that the
mathematics of measurement are now well ahead of
the quality of manifest items [46]. It is also possible that
the procedures outlined by Reise et al. [47] in relation to
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SF-36 Estimator

£H20 000 020 040 00 080 100
AQol
— Linear trend line (2= 0.61) with 95%Cls added fo the scatterplot

Fig. 3 Scatter plot of AQoL with SF-36 estimator imputed AQoL
scores

bifactor models may yield better results than the unidi-
mensional models used in this study.

The findings suggest that further refinements using
Rasch analysis may produce better results. The study needs
to be replicated in other samples and with other instruments
in order to investigate whether the limitations outlined
above hold true across different utility instruments or if
they are a function of the Rasch analysis itself in this
context. Importantly, as discussed above, mapping from
health to utility as currently practised does not fully meet
the conventional requirements for test-equating.

If the findings of this study are a function of item
properties, then there is a prima facie case for the
revision of health status and HRQoL instrument items
using modern test theory. In the meantime, our findings
suggest that partial credit Rasch-imputed mapping from
the SF-36 to the AQoL produces results that are, gen-
erally, as good as those reported in the literature from
regression-based modelling. The methods and results
from this study may be used by researchers wherever
SF-36 items scores are available and there is a need to
impute utility scores.
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