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Abstract

Objective: This study examined the construct validity, and improved the test reliability and the estimation
accuracy for the correlation between domains of the WHOQOL-BREF using multidimensional Rasch
analysis. Method: A total of 13,083 adults were administered the 28-item WHOQOL-BREF Taiwan ver-
sion, which consists of 4 subscales (domains). The multidimensional form of the partial credit model was
used to examine the fit of the 4 subscales. For comparison, each subscale individually was also fitted to the
unidimensional partial credit model. Standard item fit statistics and analysis of differential item functioning
(DIF) were used to check model-data fit. Results: After excluding 2 overall items and deleting 7 DIF items,
the remaining items of each subscale in the WHOQOL-BREF constituted a single construct. The test
reliabilities and correlations between domains obtained from the multidimensional approach, (0.82–0.86)
and (0.79–0.89), respectively, were much higher than those obtained from the unidimensional approach,
(0.67–0.75) and (0.53–0.65), respectively. Conclusion: The 19-item WHOQOL-BREF measures more suc-
cinct latent traits than the original design. The multidimensional approach yields not only more accurate
estimates for the correlation between domains but also substantially higher reliabilities, than the standard
unidimensional approach.

Key words: Bandwidth-fidelity dilemma, Multidimensional item response model, Quality of life, Rasch
measurement, Test reliability

Introduction

The World Health Organization (WHO) has
developed an instrument for assessing quality of
life (QOL) [1], which is called the WHOQOL-
100. It consists of 100 items representing 24 as-
pects in six domains. The WHOQOL-BREF, the
abbreviated version of the WHOQOL-100, con-
tains one item from each of the 24 aspects of the
WHOQOL-100, plus two benchmark items from
the general aspect on overall QOL and general
health. The WHOQOL-100 and WHOQOL-
BREF have been developed for use in Taiwan

according to the WHO international guidelines
[2]. The 28-item WHOQOL-BREF Taiwan ver-
sion consists of 2 overall items measuring general
QOL and health and 24 items that are univer-
sally adopted for the WHOQOL-BREF in four
domains (subscales): physical health, psycholog-
ical health, social relationships, and environment,
plus 2 additional items that are more specific to
the culture of people in Taiwan: being respected/
accepted among people (social relationships
domain), and eating what one loves to eat
(environmental domain). Respondents are asked
to evaluate the selected attributes of QOL over
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the previous two weeks on 5-point rating scales.
High scores indicate good QOL.

Emphasis on the measurement properties of
QOL questionnaires has increased in recent years.
The WHOQOL-BREF has been validated using
classical test theory [3–6]. However, the measure-
ment properties of the WHOQOL-BREF have
rarely been explored using modern test theory
(e.g., Rasch analysis). In a recent study of the
WHOQOL-BREF [7], the item responses to
the 5-point rating scales were dichotomiedso that
the dichotomous Rasch model could be fitted.
Dichotomizing responses will in general cause a
loss of information and lead to less accurate
measures. In fact, the partial credit model and the
rating scale model [8], preserving the ordered
nature of polytomous responses, are more appro-
priate for polytomous items such as rating scales,
Likert-type items, or essay questions.

Traditional analysis inappropriately treats raw
scores or their linear transformations and item
responses to rating scales as interval data. Rasch
analysis is a statistical technique that can be applied
to dichotomous or polytomous items to transform
ordinal scores into interval measures [9, 10]. If data
do not fit the Rasch model’s expectation, unidi-
mensionality is not preserved, so the presumed la-
tent trait is not quantified successfully. Standard
Rasch analysis is based on unidimensional Rasch
models where a single latent trait is assumed to
determine individuals’ performances on the test. If
a test consists of several unidimensional tests (e.g.,
the four subscales of the WHOQOL-BREF), it
could be calibrated using standard Rasch analysis
procedures. The test could be either analyzed as a
whole, or the unidimensional Rasch model could
be applied to each subscale separately, one test at a
time. The first approach ignores the claims for the
subscale structure of the test, the second approach,
shown in Figure 1a ignores the potential inter-
correlations between related, but not identical
latent traits. This approach is likely to yield
unnecessarily imprecise measurements, especially
when the tests are short [11].

To take the correlations between latent traits
into account, one needs a multidimensional model
that simultaneously calibrates all the tests and thus
utilizes the correlations to increase measurement
precision. In reality, there are always non-zero
correlations between latent traits, meaning that at

least in theory the multidimensional approach
(Figure 1b) is more appropriate than the unidi-
mensional one (Figure 1a). In addition, the greater
the correlations, the greater the measurement
precision using the multidimensional approach
[11]. In other words, even short tests can yield
precise measurements if the multidimensional
approach is used, given that the latent traits are
not uncorrelated. If the tests are long enough, the
measures of each individual latent trait obtained
from the unidimensional approach will be accurate
enough, and thus the multidimensional approach
will yield little improvement in measurement pre-
cision. On the other hand, if the tests are too short
for the unidimensional approach to yield precise
measures, the use of the multidimensional
approach will squeeze as much information as
possible from the whole data for multiple dimen-
sions to provide measures that are more precise.

In many cases, the correlations between latent
traits are also of great interest (e.g., the correla-
tions among the four subscales of the WHOQOL-
BREF). Using the unidimensional approach, one

Figure 1. Graphical representations of the unidimensional and

multidimensional approaches. Note: The arrow between dimen-

sion and item indicates that the dimension (e.g., A) is assessed

by the item (e.g., Item 1). The arrow between dimensions in (b)

indicates that the correlations between the two dimensions can

be directly estimated, whereas the dashed line in (a) indicates

that the correlation can only be indirectly estimated.

608



can compute the Pearson correlation on the person
measures for two latent traits. Because the person
measures contain certain amounts of measurement
error, the computed correlation underestimates the
true correlation between latent traits. Direct esti-
mation of the correlation between latent traits is
possible only for the multidimensional approach,
rather than for the unidimensional one. Thus the
multidimensional approach is useful in estimating
correlations between latent traits.

Multidimensional Rasch analysis can be useful
for the WHOQOL-BREF, given that the lengths
of the four subscales are short and that the cor-
relations among them are generally high [3, 5]. In
this study, we aimed to validate the dimensionality
of the WHOQOL-BREF, directly estimate the
correlations between domains, and increase the
test reliabilities of the four domains, using multi-
dimensional Rasch analysis.

Methods

Subjects

The National Health Interview Survey (NHIS) in
Taiwan used a multi-stage stratified systematic
sampling scheme in 2001. The 359 townships/
districts of Taiwan were divided into 7 strata
according to geographic location and an urbani-
zation index. Townships or districts in each
stratum were selected with selection probability
proportional to their household population sizes
(PPS) registered on 16th January, 2001. In each
selected township/district, lins (the smallest
administrative unit in Taiwan) were selected with
PPS. Four households were selected randomly
from each selected lin. Every member of the
selected household was interviewed [12].

Instrument

The first two items of the 28-item WHOQOL-
BREF [2, 13] assess general QOL and health. The
remaining 26 items consist of 24 items universally
adopted for the WHOQOL-BREF in four sub-
scales: physical health (7 items), psychological
health (6 items), social relationships (3 items), and
environment (8 items), plus two additional items
that are more specific to the culture of people in

Taiwan: ‘‘Do you feel respected by others?’’ (social
subscale), and ‘‘Are you usually able to get the
things you like to eat?’’ (environmental subscale)
[2]. The two general items were removed from the
analyses in this study, because they do not belong
to any of the four subscales.

Procedures

The respondents, aged 20–65, were asked to eval-
uate the selected attributes of QOL in the previous
two weeks. To ensure consistency in the interviews,
all interviewers received pre-job training. Basically,
the interviewees filled in the WHOQOL-BREF
themselves, according to the original design. A
total of 13 senior Bureau of Health Promotion staff
closely supervised the interview process, reviewed
all completed questionnaires, and randomly veri-
fied interviewees’ responses in a telephone follow-
up. They made a cross-item comparison as well
between the scale and other corresponding items in
the NHIS. The WHOQOL-BREF was not re-
turned to an interviewer for a revisit even if there
were any missing items, errors, or contradictions.
No proxies were allowed, even if an interviewee
was frail, mentally ill, or unable to communicate.

Data analysis

The multidimensional Rasch model used in this
study is called the multidimensional random
coefficients multinomial logit model (MRCMLM)
[14]. Let person n’s levels on the L latent traits (in
this study L=4) be denoted as hTn ¼ ðhn1; . . . ; hnLÞ,
which is considered to represent a random sample
from a population with a multivariate density
function gðhn; aÞ, where a indicates a vector of
parameters that characterize the distribution. In
this study, g is assumed to be normal so that
a � ðl;RÞ. The probability of a response in cate-
gory j of item i for person n is

pnij ¼
exp bTijhn þ aTijn
� �

PKi

u¼1
exp bTiuhn þ aTiun
� � ; ð1Þ

where Ki is the number of categories in item i (in
this study, Ki=5 for every item); n is a vector of
location parameters that describe the items; bij is a
score vector given to category j of item i across the
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L latent traits, which can be collected across items
into a scoring matrix B for the whole test; and aij is
a design vector given to category j of item i that
describes the linear relationship among the ele-
ments of n, which can be collected across items
into a design matrix A for the whole test. Equation
1 can be expressed as

log
pnij

pniðj�1Þ

� �
¼ bTij � bTiðj�1Þ

� �
hn þ aTij � aTiðj�1Þ

� �
n

� b�Tij hn þ a�Tij n;

ð2Þ
which is more consistent with the standard
expression of the family of Rasch models.

Using aij and bij (or equivalently a�ij and b�ij) to
define the relationship between items and persons
allows a general model to be written that includes
most of the existing unidimensional Rasch models,
such as the simple logistic model [9], the linear
logistic test model [15], the rating scale model [8],
the partial credit model [16], the partial order
model [17], the facet model [18], and the linear
partial credit model [19]. More importantly, the
definitions allow the specification of a range of
multidimensional models by imposing linear
constraints on the item parameters, such as mul-
tidimensional forms of the simple logistic model,
the rating scale model, the partial credit model (to
be used in this study), and the linear partial credit
model. For details on how to manipulate aij and bij
to form the above models and other customized
models, the reader is referred to Adams et al. [14]
and Adams and Wilson [20].

In this study, each of the four subscales of the
WHOQOL-BREF is treated as unidimensional so
that, as a whole, the WHOQOL-BREF is four-
dimensional. Because the items in the WHOQOL-
BREF are not judged on the same kind of rating
scales, the multidimensional form of the partial
credit model, rather than the rating scale model, is
fitted to the data. Under the (unidimensional)
partial credit model, the log-odds of being in cat-
egory j over category j ) 1 in item i for a person n
with latent trait hn are

log
pnij

pniðj�1Þ

� �
¼ hn � ðdi þ sijÞ; ð3Þ

where di is called the (overall) difficulty of item i,
and sij is called the categorical boundary (or step)

parameter of category j relative to category j ) 1
for item i.

For the rating scale model, Equation 3 reduces
to:

log
pnij

pniðj�1Þ

� �
¼ hn � ðdi þ sjÞ; ð4Þ

where all items are constrained to share the same
set of the categorical boundary parameters sj. For
the simple logistic Rasch model, Equation 3
reduces to:

log
pnij
pni0

� �
¼ hn � di; ð5Þ

where each item has one difficulty parameter di.
Comparing Equations 3, 4 and 5 with Equation 2,
one recognizes that the partial credit model, the
rating scale model, and the simple logistic Rasch
model are all special cases of the MRCMLM.

The MRCMLM, being a member of the expo-
nential family of distributions, can be viewed as a
generalized linear mixed model [21–25]. Several
computer programs can be used to calibrate
parameters in the MRCMLM, including Con-
Quest [26], SAS NLMIXED [27, 28], STATA
gllamm [29, 30], MIXOR [31] and MIXNO [32]. In
the authors’ experiences with the multidimensional
approach, ConQuest takes only a few minutes to
converge, whereas the other programs may take
several hours to converge (or sometimes even fail
to converge). Hence, ConQuest was used for all
analyses in this study. The appendix shows in
detail how the parameters in the MRCMLM are
estimated using ConQuest. Because all the model
parameters in the MRCMLM n; l and R) are
simultaneously estimated, measurement errors in
the latent traits h are directly taken into account.

To check if items fit the model’s expectation, two
kinds of analyses were performed. One was item fit
statistical analysis, and the other was analysis of
differential item functioning (DIF) [10, 33–35].
Regarding item fit statistics, the outfit mean square
error (MNSQ) in which residuals are directly
summated, is sensitive to unexpected behavior by
persons on items far from the person’s proficiency
level; the infit MNSQ in which residuals are
weighted before summation, is sensitive to unex-
pected behavior affecting responses to items near
the person’s proficiency measure. When the data fit
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the model’s expectation, the infit and outfit MNSQ
statistics have an expected value of unity. The
magnitudes of the MNSQ statistics show the
amount of distortion of the measurement system.
Values less than unity (also called over-fit) indicate
that observations are too predictable (redundancy).
Values greater than unity (called under-fit) indicate
unpredictability (unmodeled noise). Statistically,
the MNSQ statistics are chi-square statistics
divided by their degrees of freedom. For rating
scales, a range of (0.6, 1.4) is recommended as the
critical range for the MNSQ statistics [36]. Items
with infit or outfit MNSQ statistics beyond this
range are usually regarded as misfitting. A more
stringent range of (0.7, 1.3) was used in this study.

It is a great challenge to develop a test that is
suitable for many groups. Self-report inventories,
in particular, face this difficulty, because different
groups may have different linguistic interpreta-
tions of test items and category labels. DIF anal-
ysis is a means of verifying construct equivalence
over groups [34]. If construct equivalence does not
hold over groups, meaning that different groups
have different perspectives on the items, the
derived measures are not directly comparable over
groups. If, for example, different genders or age
groups have different perspectives on the four
subscales of the WHOQOL-BREF, normative
data of the WHOQOL-BREF for the general
population is not possible. To obtain comparable
measures over groups, all the items have to be
DIF-free or at least DIF-trivial.

Statistically, an item is considered to exhibit
DIF if the response probabilities for that item
cannot be fully explained by the latent trait and a
set of difficulty parameters for that item. DIF
analysis identifies items that appear to be too dif-
ficult or too easy, after having controlled for dif-
ferences in the latent trait levels of the reference
and focal groups. There were 3 main demographic
characteristics of our participants, including gen-
der (2 groups), education (classified as 3 groups:
elementary, secondary, and higher education), and
age (classified as 5 groups: 20–29, 30–39, 40–49,
50–59, and over 60). Individually, we compared
differences in the overall item difficulties between
men and women, between five age groups, and
between three education levels. Once a difference
was found between men and women, between any
two of the five age groups, or between any two of

the three education levels, the item was considered
as exhibiting DIF.

To resolve the scale indeterminacy problem in
DIF analysis, the mean item parameters were set
to be equal (zero) over groups so that the differ-
ences in the parameter estimates between groups
can be directly compared. By setting the mean item
parameters identical across groups, the ‘‘impact’’
of the difference in latent trait levels on DIF
analysis is eliminated [10, 33]. This procedure has
been implemented on several popular computer
programs, such as BILOG-MG [37], WINSTEPS
[38], and ConQuest. There are other procedures to
solve scale indeterminacy [39], for example, if a set
of items are believed to have no DIF, they can
served as the anchors so that the other items can
be detected for the evidence of DIF. Unfortu-
nately, this procedure was not applicable in this
study, because no prior knowledge was available
to claim which items were indeed DIF-free.

Because the sample sizes of the groups were very
large (several thousands), a trivial DIF could be
identified as statistically significant. In this study, a
difference larger than or equal to 0.5 logits in the
estimates between any groups was treated as a sign
of substantial DIF. A difference of 0.5 logits is
equal to an odds ratio of 1.65 (=2.7180.5). Once a
DIF item was identified, it was removed from fur-
ther analysis. The multidimensional form of the
partial credit model was again fitted to the new data
set. The analyses stopped when all the infit and
outfit MNSQ statistics were located within the (0.7,
1.3) critical range and no DIF items were identified.

Results

Participants

There were 27,160 eligible participants living in
7357 households who were found as a result of
sampling. They were representative of the national
population in age, gender, and urbanization [40].
From late August 2001 to January 2002, the 2001
NHIS data were collected from 25,464 persons who
were aged from 11 to 98 and lived in 6721 house-
holds, with response rates of 93.8% by person and
91.4% by household, respectively [41]. Among the
15,425 participants aged 20–65, 13,083 (85%)
participants completed the WHOQOL-BREF and
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their data were analyzed in this study. These sub-
jects had a higher proportion among those aged
50–59 and a lower proportion among those aged
20–39, as compared with the registered Taiwan
population in the 2000 census [12].

Model-data fit

DIF analysis was conducted to assess the model-
data fit. Table 1 lists the maximum differences in
the estimates of item difficulties across groups. We
took a difference lager than or equal to 0.5 logits
as a sign of substantial DIF. None of the six items
of the psychological subscale exhibited substantial

DIF. For the physical subscale, only item 15 (How
well are you able to get around?) exhibited sub-
stantial DIF between young and old adults (older
than 50). For the social subscale, item 21 (How
satisfied are you with your sex life?) showed sub-
stantial DIF between young (below 40) and old
adults. Finally, for the environmental subscale,
items 9 (How healthy is your physical environ-
ment?), 12 (Have you enough money to meet your
needs?), 13 (How available to you is the informa-
tion that you need in your day-to-day life?), and 14
(To what extent do you have the opportunity for
leisure activities?) had substantial DIF, mainly
between low and high educational groups, and

Table 1. Maximum differences in the estimates for item difficulties (in absolute value) over gender, age, and education level, and

infit and outfit MNSQ statistics

Subscale/item Gender Age Education Outfit Infit

Psychological

5 Positive feelings 0.20 0.40 0.29 1.10 1.10

6 Spirituality/religion/personal beliefs 0.09 0.08 0.02 0.92 0.92

7 Thinking, learning, memory, and concentration 0.19 0.25 0.07 0.94 0.94

11 Bodily image and appearance 0.02 0.12 0.18 1.00 1.01

19 Self-esteem 0.02 0.09 0.09 0.86 0.87

26 Negative feelings 0.14 0.31 0.20 1.17 1.15

Physical

3 Pain and discomfort 0.08 0.11 0.29 1.27 1.19

4 Dependence on medical substances and medical aids 0.17 0.38 0.10 1.30 1.18

10 Energy and fatigue 0.20 0.05 0.18 0.92 0.92

15 Mobility 0.08 0.53* 0.22

16 Sleep and rest 0.14 0.32 0.36 1.02 1.02

17 Activities of daily living 0.03 0.24 0.24 0.81 0.83

18 Work capacity 0.02 0.35 0.35 0.95 0.96

Social

20 Personal relationships 0.07 0.21 0.13 0.95 0.96

21 Sexual activity 0.03 0.51* 0.24

22 Practical social support 0.13 0.41 0.03 0.95 0.97

27 Being respected/accepted 0.03 0.49 0.15 1.08 1.09

Environmental

8 Freedom, physical safety and security 0.23 0.17 0.46 1.12 1.11

9 Physical environment: pollution/noise/traffic/climate) 0.04 0.16 0.83*

12 Financial resources 0.09 0.09 0.75*

13 Opportunities for acquiring new information and skills 0.05 0.19 0.89*

14 Participation in and opportunities for recreation/leisure activities 0.06 0.35 0.52*

23 Home environment 0.08 0.22 0.45 1.00 1.01

24 Health and social care: accessibility and quality 0.04 0.06 0.44 0.98 0.98

25 Transport 0.01 0.19 0.32 0.94 0.95

28 Eating/food 0.23 0.50* 0.40

Note: *Substantial DIF (a difference in item difficulties larger than or equal to 0.5 logits between groups); Gender: 1=Men,

2=Women; Age: 1=20-29, 2=30-39, 3=40-49, 4=50-59, 5=Over 60; Education: 1=Elementary, 2=Secondary, 3=Higher

education.
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item 28 (Are you usually able to get the things you
like to eat?) had substantial DIF between young
and old adults. After deleting these 7 DIF items
from the respective subscales and reanalyzing the
data, we found that none of the remaining items
exhibited substantial DIF. The right-hand side of
Table 1 shows the infit and outfit MNSQ statistics
for the remaining 19 items across the four sub-
scales, ranging from 0.81 to 1.30. As they were
allocated within the (0.7, 1.3) critical range and no
substantial DIF was found, we concluded that
these 19 items fit the model’s expectation fairly
well. That is, the original 28-item WHOQOL-
BREF Taiwan version (excluding the 2 general
items), in its complete form, comprised more than
four dimensions. When these 7 DIF items were
deleted, the remained 19 items assessed four latent
traits that corresponded to the original test con-
struction.

The measures and standard errors for the item
difficulties and the category boundary parameters
for the four subscales are listed in Table 2. The
ranges of the category boundary parameters for

the four subscales were sufficiently large, as com-
pared to the distributions of the person measures.
Furthermore, the ordered natures for the category
boundary parameters were held, indicating that
the 5-point rating scales were appropriate. How-
ever, the category boundary parameters were not
very similar within or between subscales, even after
the standard errors were taken into consideration.
For example, the four category boundary param-
eters of item 3 (To what extent do you feel that
(physical) pain prevents you from doing what you
need to do?) were )1.93, )0.25, )0.16, and 2.35,
respectively, whereas those for item 10 (Do you
have enough energy for everyday life?) were )2.72,
)1.71, 0.65 and 3.79, respectively. That is, there
was an interaction between category labels and
items: The participants treated the labels of the five
response categories differently for different items.

Correlations between the four subscales

Table 3 shows the direct estimates of the variance-
covariance and correlation matrices for the four

Table 2. Measures and standard errors (in parentheses) for the item difficulties and category boundary parameters

Subscale/item Difficulty Step 1 Step 2 Step 3 Step 4

Psychological

5 Positive feelings 1.32 (0.02) )3.00 (0.04) )1.27 (0.03) 1.00 (0.03) 3.26 (0.04)

6 Spirituality/religion/personal beliefs )0.21 (0.02) )2.47 (0.05) )0.68 (0.04) 0.24 (0.03) 2.90 (0.05)

7 Thinking, learning, memory, and concentration 0.03 (0.02) )2.80 (0.06) )1.27 (0.04) 0.41 (0.03) 3.66 (0.06)

11 Bodily image and appearance )0.57 (0.02) )2.16 (0.08) )1.51 (0.05) 0.73 (0.03) 2.94 (0.08)

19 Self-esteem )0.54 (0.03) )2.71 (0.10) )1.50 (0.05) 0.32 (0.04) 3.89 (0.10)

26 Negative feelings )0.03 (0.02) )2.25 (0.06) )1.53 (0.04) 0.42 (0.03) 3.36 (0.06)

Physical

3 Pain and discomfort )0.45 (0.02) )1.93 (0.09) )0.25 (0.05) )0.16 (0.04) 2.35 (0.09)

4 Dependence on medical substances and medical aids )0.77 (0.02) )1.33 (0.09) )0.11 (0.06) 0.21 (0.04) 1.23 (0.09)

10 Energy and fatigue 0.61 (0.02) )2.72 (0.07) )1.71 (0.04) 0.65 (0.03) 3.79 (0.07)

16 Sleep and rest 0.61 (0.02) )2.65 (0.06) )1.15 (0.04) 0.19 (0.03) 3.61 (0.06)

17 Activities of daily living )0.10 (0.04) )2.92 (0.16) )1.73 (0.07) 0.46 (0.06) 4.19 (0.15)

18 Work capacity 0.09 (0.02) )2.67 (0.10) )1.47 (0.05) 0.25 (0.04) 3.90 (0.11)

Social

20 Personal relationships )0.22 (0.03) )3.59 (0.11) )1.98 (0.05) 0.71 (0.04) 4.86 (0.14)

22 Practical social support )0.39 (0.03) )3.27 (0.13) )2.53 (0.07) 0.53 (0.5) 5.28 (0.21)

27 Being respected/ accepted 0.61 (0.03) )3.54 (0.07) )2.08 (0.04) 0.83 (0.03) 4.79 (0.09)

Environmental

8 Freedom, physical safety and security 0.43 (0.02) )2.58 (0.05) )1.63 (0.04) 0.18 (0.03) 4.03 (0.07)

9 Physical environment: (pollution/noise/traffic/climate) )0.27 (0.02) )2.81 (0.08) )1.67 (0.04) 0.47 (0.03) 4.01 (0.09)

24 Health and social care: accessibility and quality 0.08 (0.02) )2.86 (0.07) )2.09 (0.04) 0.56 (0.03) 4.39 (0.09)

25 Transport )0.25 (0.02) )2.89 (0.09) )1.94 (0.05) 0.37 (0.03) 4.46 (0.11)
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subscales. The correlations ranged from 0.79 to
0.89, suggesting that they were highly correlated.
The high correlations were consistent with what
has been found by Skevington et al. [5], in which
the factor loadings of the four subscales to the
common factor of QOL were between 0.83 and
0.95. The high correlations reflected convergent
validity of the WHOQOL-BREF, as the four
subscales were designed to assess a broad concept
of QOL. For comparison, the unidimensional
partial credit model was also fitted to each of the
four subscales separately, one subscale at a time.
The correlations on the resulting person measures
ranged from 0.53 to 0.65, indicating that the four
subscales were only moderately correlated. The
correlation estimates were actually attenuated by
measurement error in the person measures [42].
Classical analyses usually ignore measurement
error, leading to the correlations being underesti-
mated. This might explain why the four subscales
are often found to be only moderately correlated
in the literature (e.g., between 0.61 and 0.76 in
Hsiung et al. [3]). Using the multidimensional
approach, we took measurement error into
account so that the derived correlation estimates
would reflect more appropriately the strength of
association among the four subscales [43].

Test reliability

The test reliabilities for the four subscales obtained
from the multidimensional analysis ranged from

0.82 to 0.86, as shown in Table 4. Even though the
four subscales consisted of only three to six items,
their reliabilities appeared to be very satisfactory.
These high reliabilities were achieved because the
high correlations between the four subscales were
considered via the multidimensional analysis.
When the correlations were ignored and the uni-
dimensional partial credit model was fitted to each
of the four subscales separately, the resulting test
reliabilities ranged from 0.67 to 0.75. Apparently,
the multidimensional approach yielded substan-
tially higher reliabilities than the unidimensional
one. According to the Spearman-Brown Prophecy
formula [44], the test would have to be increased
103% in length (i.e., from 6 items to 12.2 items) in
order to achieve a reliability of 0.83, up from 0.75
for the psychological subscale; 114% in length in
order to achieve a reliability of 0.84, up from 0.71
for the physical subscale; and so on for the other
subscales, when the unidimensional analysis is
conducted. An increment of 103% or 114% in test
length depicts the relative efficiency of the multi-
dimensional analysis over the unidimensional
analysis.

The composite unidimensional approach

One might question whether these four subscales
should be treated as unidimensional, because they
were so highly correlated. To reply to this question
statistically, we also conducted a unidimensional
analysis in which all the 26 items were treated as

Table 3. Variances, covariances, and correlations for the four subscales (N=13,083)

Subscale Psychological Physical Social Environmental

Psychological 1.22 1.05 1.48 1.10

Physical 0.88 1.16 1.30 1.04

Social 0.89 0.80 2.26 1.54

Environmental 0.81 0.79 0.84 1.49

Note: Values in the lower triangles (italics) and higher triangles are the correlations and covariances, respectively.

Table 4. Test reliabilities obtained from the multidimensional and unidimensional approaches and increment in test length

Subscale Test length Reliability (Multidimensional) Reliability (Unidimensional) Increment in test length

Psychological 6 0.86 0.75 103%

Physical 6 0.84 0.71 114%

Social 3 0.83 0.67 138%

Environmental 4 0.82 0.68 120%
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measuring a single latent trait, even though the
multidimensional approach is more consistent with
the construction and usual practice of the WHO-
QOL-BREF than the ‘‘composite’’ unidimensional
approach. It turned out that a total of 8 items
(including those aforementioned 7 DIF items and
item 4 ‘‘How much do you need any medical treat-
ment to function in your daily life?’’) had substantial
DIF. When they were removed, the remaining 18
items fitted the model’s expectation fairly well. The
test reliability was 0.87, which was only slightly
higher than those obtained from the multidimen-
sional analysis for the four individual subscales,
which fell in the range between 0.82 and 0.86.

The norms

Table 5 lists the means and standard deviations of
the person measures for the 10 groups as well as
the whole group, both on the Rasch scale and the

transformed 0–100 scale. As the population was
assumed to follow the normal distribution, one
can easily obtain percentiles using the mean and
standard deviation of the normal distribution.
Generally, there was little gender difference on the
four subscales. Considerable decline on the psy-
chological and physical subscales was found for
older groups, whereas little age difference was
found for the social and environmental subscales.
Finally, persons with higher education levels gave
higher ratings on all four subscales.

Discussion

We followed standard perspectives in treating the
WHOQOL-BREF as four dimensional and ana-
lyzed all of the four dimensional data jointly,
using the multidimensional approach. After
excluding 2 overall items and deleting 7 items

Table 5. Means and standard deviations on the Rasch and 0–100 transformed measures for the four subscales across groups

Group Rasch scale 0–100 scale

Psychological Physical Social Environmental Psychological Physical Social Environmental

Gender

Men (n=6628) M 0.66 1.19 1.05 0.66 59.99 50.75 56.42 42.63

SD 1.11 1.07 1.54 1.26 13.69 15.63 14.66 15.41

Women (n=6455) M 0.51 1.01 1.09 0.62 58.14 48.12 56.80 42.14

SD 1.07 1.02 1.46 1.19 13.20 14.90 13.90 14.55

Age

20–29 (n=3591) M 0.67 1.21 1.25 0.72 60.11 51.04 58.32 43.36

SD 1.06 1.02 1.50 1.27 13.07 14.90 14.28 15.53

30–39 (n=3684) M 0.66 1.19 1.10 0.60 59.99 50.75 56.89 41.89

SD 1.07 1.05 1.52 1.24 13.20 15.33 14.47 15.17

40–49 (n=3418) M 0.56 1.10 1.01 0.66 58.75 49.43 56.04 42.63

SD 1.12 1.08 1.49 1.19 13.81 15.77 14.18 14.55

50–59 (n=1837) M 0.42 0.91 0.87 0.51 57.03 46.66 54.70 40.79

SD 1.10 1.05 1.52 1.18 13.57 15.33 14.47 14.43

60+ (n=553) M 0.42 0.66 0.99 0.69 57.03 43.01 55.85 42.99

SD 1.15 1.07 1.58 1.28 14.18 15.63 15.04 15.66

Education status

Elementary (n=2410) M 0.21 0.68 0.70 0.46 54.44 43.30 53.09 40.18

SD 1.06 1.04 1.46 1.19 13.07 15.19 13.90 14.55

Secondary (n=6881) M 0.57 1.13 1.02 0.64 58.88 49.87 56.13 42.38

SD 1.08 1.06 1.48 1.24 13.32 15.48 14.09 15.17

College (n=3791) M 0.83 1.33 1.40 0.78 62.08 52.79 59.75 44.09

SD 1.05 1.00 1.49 1.23 12.95 14.60 14.18 15.04

Total (N=13,083) M 0.59 1.10 1.06 0.64 59.12 49.43 56.51 42.38

SD 1.11 1.07 1.50 1.22 13.69 15.63 14.28 14.92

615



from the 28-item WHOQOL-BREF Taiwan ver-
sion, we conclude that each of the four subscales
assesses a single latent trait. The four latent traits
are very highly correlated. Using the unidimen-
sional approach, one may mistakenly conclude
that they are only moderately correlated, as
measurement error is ignored. When the high
correlations between the four latent traits are
taken into account via the multidimensional
approach, the test reliabilities for the four sub-
scales are increased to a range of 0.82 to 0.86,
which might be accurate for diagnosing individ-
uals. In contrast, when the high correlations are
ignored and the unidimensional analysis is con-
ducted, the resulting test reliabilities are between
0.67 and 0.75, which are too low for use in
diagnosing individuals. Clearly, the multidimen-
sional approach not only yields more appropriate
estimates for the association of four latent traits,
but also improves the usefulness of the 19-item
WHOQOL-BREF substantially.

Through the infit and outfit fit statistics and
DIF analysis, we remove 7 misfitting items from
the WHOQOL-BREF, not because these 7 mis-
fitting items do not constitute significant aspects of
QOL, but because they do not assess the same
latent traits as the remaining 19 items for the
general population in Taiwan. From DIF analysis,
we gain a better understanding about why these 7
items do not fit the model’s expectation. This
understanding may be of value in item revision or
scale development. For example, item 21 (How
satisfied are you with your sex life?) in the social
subscale has substantial DIF between young and
old groups. Removing item 21 from the social
subscale does not mean that ‘‘sex life’’ is a trivial
aspect of QOL. Rather, ‘‘sex life’’ does not work
harmoniously with the other three items (How
satisfied are you with your personal relationships?
How satisfied are you with the support you get
from your friends? Do you feel respected by oth-
ers?), especially between young and old adults. If
satisfaction with one’s sex life indeed contributes
to QOL, then either the linguistic statement of
item 21 should be revised to better reflect the
‘‘social’’ aspect of QOL and work harmoniously
with the other three items, or a stand-alone ‘‘sex
life’’ subscale should be developed. Future studies
may be conducted to revise the linguistic
statements of these 7 DIF items, or to develop

stand-alone scales for these important but left-
behind aspects of QOL.

The means and standard deviations for the 10
groups as well as the whole sample are provided.
Under the normality assumption, one can use the
mean and standard deviation to obtain percentiles.
For the general population in Taiwan, little gender
difference is found on the four subscales of QOL.
The older the participants, the less satisfaction
they report in the psychological subscale. In
addition, persons older than 50 reported consid-
erably lower satisfaction in the physical subscale.
Little age difference exists in either the social or
environmental subscale. Finally, persons with
higher education levels give higher ratings across
the four subscales. The norms can be used as ref-
erence for the interpretation of data from general
samples.

From the point of view of test developers,
incorporating many diverse aspects in a test
increases construct bandwidth. For example, each
of the 9 items in the environmental subscale was
designed to tap an important environmental fac-
tor. Deleting any of these items may threaten the
construct validity that the test developers intended.
However, whether all the items of a test tap a
single latent trait should be examined empirically.
Through Rasch analysis, we diagnosed unexpected
disturbances in the data. Only when the data fit the
model’s expectation can the underlying latent trait
be quantified. In accordance with this logic, mis-
fitting items or persons should be identified,
revised, or removed. After the removal of 5 mis-
fitting items from the 9-item environmental sub-
scale, the remaining 4-item environmental subscale
reflects a succinct construct about ‘‘residential
environment’’, which is of course narrower than
the bandwidth of the original 9-item test. How-
ever, according to the Rasch analysis, the 9-item
test does not constitute a single latent trait, so the
derived measures are meaningless.

We followed the standard procedures in treating
the WHOQOL-BREF as four dimensional. The
correlations of the four latent traits were directly
estimated via the multidimensional approach and
found to be very high. A high correlation between
latent traits does not necessarily mean they are the
same latent trait; for example, height and weight
are highly correlated, but they are two different
concepts. For the reader’s convenience, we also
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adopted the composite unidimensional approach
to treat the WHOQOL-BREF as measuring a
single latent trait. After removing 8 DIF items, one
may conclude that the remaining 18 items consti-
tute a single latent trait, whose meaning is not yet
clear and is not consistent with the construction
and usual practice of the WHOQOL-BREF.
Application and implication of the 18-item version
need further investigation. Besides, with the use of
the composite unidimensional approach, the
information about the four individual subscales is
invisible because only a composite score can be
obtained. On the contrary, with the use of the
multidimensional approach, the profile informa-
tion (scatter pattern) about the individual latent
traits is preserved. Furthermore, the reliability of
the 18-item test is only slightly higher than those
obtained from the multidimensional analysis for
the 3- to 6-item tests. Apparently, the
multidimensional approach is preferable because it
corresponds to the structure with which the
WHOQOL-BREF was developed and the stan-
dard practice in how the WHOQOL-BREF is
analyzed, yielding high reliability for the four
subscales even when they consist of only 3 to 6
items.

The multidimensional Rasch analysis in this
study is confirmatory rather than exploratory in
that the structure of dimensionality is specified to
meet the construction and usual practice of the
WHOQOL-BREF. When data conform to the
model’s expectation, the pre-specified dimension-
ality is not rejected. Confirmatory approaches
allow researchers to formulate a number of theo-
ries about dimensionality and item weights, based
on the researcher’s theoretical knowledge and
previous research findings. Exploratory ap-
proaches enable researchers to get an impression
of the number of latent traits and of which items
are indicative of which latent traits. Although
‘‘within-item’’ multidimensional analysis (in which
some items assess more than one latent trait
simultaneously) is possible under the MRCMLM
framework [14, 45], it is not appropriate in this
study due to the lack of theoretical within-item
dimensionality for the WHOQOL-BREF.

In developing tests, there is an inevitable conflict
between the goal of attaining precision (reliability)
in measurement and the goal of attaining breadth,
which is referred to as the bandwidth-fidelity

dilemma [46, 47]. Bandwidth refers to the amount
of information that is contained in a message, while
fidelity refers to the accuracy with which the
information is conveyed. The greater the amount
of information to be conveyed (bandwidth), the
less accurately it can be conveyed (fidelity). For any
given test, a choice must be made between mea-
suring a very specific attribute with a high degree of
accuracy, and measuring a broader range of attri-
butes with less accuracy. In practice, the time and
resources available for testing are typically limited.
Consequently, testers sometimes have to sacrifice
accuracy (i.e., one long test for a single latent trait)
and develop several short tests to cover as many
important attributes as the testing time allows. In
this study, it is shown that the multidimensional
approach can increase test reliability for short tests
to a more satisfactory level. Therefore, the band-
width-fidelity dilemma is at least partially resolved
via the multidimensional approach.

In unidimensional Rasch models, raw scores are
sufficient statistics for Rasch person measures,
meaning that persons with identical raw scores will
always have the same person measures (assuming
that they respond to the same set of items). When
the multidimensional approach is adopted, raw
scores of any subscale alone are no longer suffi-
cient statistics for person measures on that sub-
scale. That is, two persons with identical raw
scores on a subscale may have different person
measures on that subscale. In fact, person mea-
sures of a subscale depend on not only raw scores
of that subscale, but also raw scores of the other
subscales. Therefore, vectors of raw scores
(including all raw scores over subscales) are suffi-
cient statistics for person measures over subscales.
Only when two persons have exactly the same raw
score patterns over subscales will they have iden-
tical person measures, assuming that they respond
to the same set of items. Consequently, the look-
up table for transforming raw scores to person
measures will be very long. A computer program
was written to yield the transformation and is
available on request.

When multiple latent traits are measured, score
comparisons across latent traits are sometimes
found. We warn the readers that score compari-
sons should be interpreted very cautiously, if they
have to be done at all. Take the scores in Table 5,
for example. Inspecting the mean Rasch scores for
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the four subscales, one may draw the conclusion
that people in Taiwan score the highest (i.e., have
the highest degree of satisfaction) on the physical
subscale and the lowest on the psychological sub-
scale. This comparison is actually made on the
basis of the characteristics of those items that
constitute the subscales. It is certainly possible to
create items for the physical subscale that are
extremely difficult to endorse (e.g., 100-m dash in
10 s) so that the mean score of the physical sub-
scale is the lowest among the four subscales. The
four subscales are four different latent traits.
Hence, the four scales are actually qualitatively
different. In this regard, we do not recommend
cross-subscale comparison. If cross-subscale com-
parisons have to be made, we advise that the
practitioner take into account the characteristics
of those items that constitute the subscales.

Cross-subscale comparisons are not only item-
dependent but also scale-dependent. For example,
the mean scores of the psychological subscale are
the lowest on the Rasch scale (M=0.59), but the
highest on the 0–100 scale (M=59.12). Appar-
ently, different scales lead to different rankings. If
one of these two scales has to be chosen for cross-
subscale comparison, we recommend the Rasch
scale, as the mean Rasch scores across subscales
can be interpreted on the basis of equal mean item
measures (i.e., the mean item measures of every
subscale are set at zero for identification of the
parameters). In contrast, the 0–100 scale can be
seriously affected by the range of score distribu-
tions within subscales. The 0–100 scale is obtained
from the Rasch scale via the following linear
transformation:

Y ¼ 100ðX�MinÞ
Max�Min

; ð6Þ

where Y is the score on the 0–100 scale; X is the
score on the Rasch scale; Max and Min are the
maximum and minimum on the Rasch scale,
respectively. Clearly, a large range (Max)Min) on
the Rasch scale, which may due to a single person
who scores extremely low, can cause a significant
decline for the mean score on the 0–100 scale. This
is the reason why the physical subscale has the
highest mean on the Rasch scale (M=1.10), but
only the third highest on the 0–100 scale
(M=59.43).

In summary, the 19-item WHOQOL-BREF
measures more succinct latent traits than the
original design. The multidimensional approach
not only improves the estimation accuracy for the
correlation between subscales but also yields sub-
stantially higher reliabilities than the standard
unidimensional approach. The multidimensional
approach is very general and can be easily applied
to any test that contains subtests, any scale that
contains subscales, any test battery that contains
multiple tests, or multiple tests that do not belong
to the same test battery.

Appendix. Parameter Estimation Procedures

for the MRCMLM

Marginal maximum likelihood estimation with
Bock and Aitkin’s [48] formulation of the EM
(Expectation-Maximization) algorithm [49] is
implemented in ConQuest to estimate all the
parameters in the MRCMLM (n; l and R)
simultaneously, so that measurement errors in h
are directly taken into account. Based on the
assumption of conditional independence among
items and persons, the probability of a response
vector x conditioned on the random quantities
h is

pðX ¼ x; njhÞ ¼ exp½x0ðBhþ AnÞ�
Wðh; nÞ ; ðA:1Þ

with

Wðh; nÞ ¼
X
z2X

exp½z0ðBhþ AnÞ�; ðA:2Þ

where is the set of all possible response vectors.
The marginal density of the response x is

pðX ¼ xÞ ¼
Z

h

exp½x0ðBhþ AnÞ�
Wðh; nÞ dGðh; aÞ;

ðA:3Þ

where G is the cumulative distribution of g. The
likelihood for a set of N response vectors is

Kðn; ajXÞ ¼
YN
n¼1

Z

h

exp½x0nðBhþ AnÞ�
ðh; nÞ dGðh; aÞ:

ðA:4Þ
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The likelihood equations for the item parame-
ters are

@ log Kðn; ajXÞ
@n

¼
XN
n¼1

Z

h

@ log pðx0n; n; aÞ
@n

dHðh; n; ajxnÞ ¼ 0;

ðA:5Þ

where Hðh; n; ajxnÞ is the cumulative posterior
marginal distribution of h given xn, with a density
function

hðh; n; ajxnÞ ¼
pðxn; njhÞgðh; aÞ

pðxn; nÞ
: ðA:6Þ

Assuming the distribution of the latent traits is
multivariate normal so that a � ðl;RÞ, the likeli-
hood equations for the mean and variance-
covariance matrix are

@ log Kðn; l;RjXÞ
@l

¼
XN
n¼1

Z

h

@ log gðh; l;RÞ
@l

dHðh; n; l;RjxnÞ ¼ 0;

ðA:7Þ

and

@ logKðn;l;RjXÞ
@R

¼
XN
n¼1

Z

h

@ log gðh; l;RÞ
@R

dHðh; n; l;RjxnÞ ¼ 0:

ðA:8Þ

Note that only the form of the multivariate normal
distribution is assumed and the corresponding
mean vector and variance-covariance matrix are
empirically estimated, which is referred to as the
empirical Bayes method [50]. After the model
parameters are calibrated, point estimates for
individual persons can be obtained from either the
mean vector of the marginal posterior distribution,
Equation A.6, called the expected a posteriori
estimates [51], or the maximum point of condi-
tional likelihood, called the maximum likelihood
estimates.
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