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Evaluating composite health measures using
Rasch modelling: an illustrative example

Summary

Objectives: The purpose of the present article is to elucidate
the opportunities provided by Rasch modsalling in epidemio-
logy and public health research in order to evaluate composite
measures of health.

Methods: The article gives a review of Rasch modelling in
conjunction with illustrative examples based on adolescent
survey data.

Results: The article demonsirates how the Rasch-model en-
ables examinations of the way items worlk across different
samples/subgroups, e.g. detection of possible differential
ftem functioning.

Conclusions: It is concluded that Rasch modelling may serve as
a usaful tool in the evaluation and the development of com-
posite health measures intended to be used in epldemiclogy
and public health research,

Key-Words: Rasch models — Health —~ Measurement.

In public health research, composite quantitative measures
play a crucial role, not least when dealing with perceived
health. The theoretical complexity of some health concepts
often makes the sole use of one single indicator insufficient
and inappropriate. Hence, in order to capture complex
concepts the use of latent measures based upon several
indicator variables seems to be straightforward and unques-
tionable.

In focusing composite measures the dimensionality of the
(health) construct turns out to be a key issue to consider.
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This article will only deal with unidimensional measure-
ment, i.e., health constructs intended to be measured on a
single latent variable. In order to achieve uni-dimensional
measurement, relevant operating characteristics of the items
have to be invariant across individuals, e.g., across different
subgroups along the latent trait as well as across different
sample groups (e.g., gender). Given that those require-
ments are met, the health measure will reflect just differ-
ences in degree of the same kind.* Ignoring the issue of in-
variance may cause misinterpretations of the outcomes
based on composite measures.

The idea of invariance in the way the instrument worked
was recognised by Thurstone? as early as in the 1920s. How-
ever, Thurstone’s method proved cumbersome. Both Likert
and Guttman made major contributions to social measure-
ment, but Likert’s work was a-theoretical, while Guttman’s
was deterministic.® Independent work by the Danish mathe-
matician Georg Rasch in the 1950s and 1960s, which was
theoretically very rigorous and which was set in a statistical
framework, addressed the issues of uni-dimensionality and
invariance in practice.! Rasch stated that “Two features
seem indispensable in scientific statements: They deal with
comparisons and they must be objective.” and introduced
the concept of “specific objectivity”.?

Although Rasch modelling has been frequently used in
educational research and is well recognised in connection
to social measurement,® presentations of Rasch modelling
have been slow in being incorporated into standard method-
ological textbooks. However, the potential of Rasch model-
ling is now being increasingly recognised within many re-
search fields.

The purpose of this article is to elucidate the opportunities
provided by Rasch modelling in epidemiology and public
health research in order to evaluate composite measures of
health.
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Methods

In order to carry out its purpose the article begins with
reviews of the basic dichotomous Rasch model and the
extended Rasch model for ordered polytomous data re-
spectively. In the next part some illustrative examples of
Rasch analyses are provided, in order to demonstrate a
typical application of Rasch modelling in public health
research. These tentative analyses are based on cross-sec-
tional survey data, collected in February 1988 and April
1998 among students in year nine in the county of Virmland
in Sweden. The study was carried out by the County Coun-
cil of Virmland. The data collection was performed by a
questionnaire, which was handed out in the classrooms by
school personnel.

For the purpose of this article two minor subsamples from
1988 and 1998 were merged, ending up with a set of data
consisting of 535 persons (280 boys and 255 girls). Eight
items intended to compound a latent measure of well-being
and perceived health are used, that is:

During this school year, have you....
.. felt that you have had difficulty in concentrating?
.. felt that you have had difficulty in sleeping?
.. suffered from headaches?
..suffered from stomach aches?
.. felt tense?
.. had little appetite?
... felt low?
.. felt giddy?

The response categories for all of these questions are “never”,
“seldom”, “sometimes”, “often” and “always”. Only com-
plete data are used in the analyses, although it would have
been possible to use incomplete data.

Two different sample characteristics (person factors) are
used in the analyses: gender and year of investigation.

The data analyses are performed uwsing the item analysis
program RUMM 2010.7 In order to estimate the model
parameters the programme makes use of a pairwise proce-
dure based on conditional maximum likelihood.?®

The Rasch model: a review

The Rasch model belongs to the class of models emerging
from latent trait theory (LTT) or item response theory
(IRT). A distinctive feature of the Rasch model is its
derivation from theory, i.e., it is constructed a priori to the
data.! The Rasch model is built upon measurement require-
ments, not on assumptions about the data.’® This implies that
the approach taken in Rasch analyses is to compare the data
with the model which is considered fixed, since it reflects the
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required properties of the data. If the data do not fit the
model properly, instead of including new parameters the
data therefore should be re-examined. Hence, the Rasch
model has been considered to be qualitatively different from
other response models, giving rise to propositions of para-
digm shift.>

The ways of viewing the data structure in the Rasch model
resemble the pattern analyses proposed by Guttman.! The
deterministic Guttman pattern helps clarify the essential
features of the data, and was used for the same effort by
Rasch.* The Rasch model as well as the Guttman structure
is built upon uni-dimensional scales, i.e., they are intended to
measure a single concept represented on a linear continuum.
In both models the response pattern is cumulative, e.g., a
person scoring high on a severe item is expected to score
high on a less severe. Unlike the Guttman structure, in which
the items responses are determined by the person scores,
the persons’ locations on the latent trait give rise to the
probabilities of the item scores.® Hence, the Rasch model
seems to be more realistic and consistent with human be-
haviours than the Guttman patterns, since straightforward
response patterns without any deviations are very unlikely
to occur in real life.

The most unique feature of the Rasch model is that it
enables the person and item parameters to be estimated
independently of each other, given that the data conform
to the model.“#" In order to achieve those independent
estimates, a sufficient statistic is required that allows the
person parameters to be left out when the item param-
eters is estimated and vice versa. Given that the data fit
the Rasch model the sums of the raw scores across items
(= person scores) are sufficient statistics for the person
parameters and the sums of the raw scores across persons
(= item scores) are sufficient statistics for the item param-
eters.* Hence, the total raw scores comprise the bases for
the computation of new scores on an interval scale which
is common for the person and item parameters.! The unit
of measurement of these new scale values is log odds
(“logits™).

So far in this article the Rasch model has been mainly dealt
with as being just one single model. In fact the Rasch model
is a family of different models.'? Two main types of models
can be ascertained, a dichotomous model and a model for
ordered polytomous data. The former is the basic simple
logistic model (SLM) while the latter may be viewed as an
extension of that model.

Although the illustrations in this article will primarily be
focusing on ordered polytomous data, for reasons of intro-
duction it will proceed with the dichotomous model before
turning to the extended model.
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The dichotomous model

The dichotomous Rasch model contains just two kinds of pa-
rameters: the person parameter beta () and the item
parameter delta (§). Since the latter one is the only para-
meter required to “model” the items, the Rasch model is
sometimes called “one parameter model”, distinguishing it
from the “two parameters’ model”,'>** which also contains a
discrimination parameter.

The simple logistic model takes the following form:

ebv-6i
Prix;=1}=——.
1+efv-di
This function can also be represented graphically using item
characteristic curves (ICC), one for each item. The curve
takes a logistic functional form, i.e., it is s-shaped. The ICC
is the expected value curve, i.e., it reflects the item scores
that for each person is predicted by the model. In the
dichotomous case the ICC is also the probability of a posi-
tive response.
The relations between items and persons (which give rise to
the response structure) are crucial in the Rasch model: the
probability of a specific response becomes a function of the
relation between the person parameter estimate and the
item parameter estimate, i.e., beta () — delta (6). 1 Positive
values from the subtraction imply probabilities above 0.5
for a specific response; the bigger difference the higher
probability. Negative values of the subtraction will imply
probabilities below 0.5; the bigger difference the lower
probability.
The absence of a discrimination parameter in the Rasch
model implies that constant discrimination across items is
built in as a property of the model. This is justifying the use
of raw scores as a sufficient statistic, given that the data
conform to the model. Conversely, violations of the require-
ment of constant item discriminations imply that no suffi-
cient statistic is at hand, which in turn means that invariant
comparisons cannot be made.
The frequently used term discrimination refers to how the
item scores are differentiated across the common scale, i.€.
more precisely the rates of change of the expected score
relative to the latent measure. The requirement of equal dis-
crimination also means that any increase on the x-axis (i.e.,
the person location) will imply the same increase on the
y-axis (expected value) no matter which item is focused (see
Fig. 1). Figure 1 contains an example of items with equal dis-
crimination. Figure 1 shows that the slopes of the four item
characteristic curves are parallel, which is indicating equal
discrimination. Examined graphically over-discrimination
means that the observed scores form a steeper line than the
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Figure 1 Item characteristic curves for four dichotomous items with
equal discrimination

theoretical item characteristic curve generated by the Rasch
model. Conversely under-discrimination means that ob-
served scores form a flatter line compared to the theoretical
curve. Failure to meet the requirement concerning equal dis-
crimination means a bad fit. In Figure 3 and Figure 4 (see be-
low) examples of over- and under-discriminating respective-
ly are shown.

In order to stress the requirements upon which the Rasch
model is relying, the phrase “given that the data fit/conform
to the model” is used repeatedly in this article. Examining
the fit of the model, Rasch himself tended to favour gra-
phical displays instead of formal test statistics®. Although
graphical representations are most valuable tools in the item
analysis process, formal test statistics seem indispensable
in order to make statistical statements. The test statistics
applicable to the Rasch model emanate from general types
of test statistics, e.g., Pearsons chi-squared test, the like-
lihood ratio tests and the Wald statistics”. Different statis-
tics are sensitive to different kinds of violations of the
requirements for the Rasch model®®, which means that
multiple tests should be carried out in order to evaluate the
fit between the data and the model. Furthermore, “Rasch
tests” have been questioned with respect to their ability to
detect uni-dimensionality 161,

The model for ordered polytomous responses

As mentioned above the basic Rasch model for dichotom-
ous responses can be extended to a model for additional
categories'l. As many items (e.g., in health research) con-
tain more than two categories, the model for ordered
polytomous data represents an important development of
the simple logistic model. The extension of the dichotomous
model is straightforward, e.g., the fundamental principles
concerning separation of items’ and persons’ parameters es-
timates still hold as well as the estimations procedures and
the principle of sufficient statistic.
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The extended model for ordered polytomous data that
Rasch evolved was further clarified by Andersen® and An-
drich?, It takes the following general form:

e~ T i — Tyt X(B, - 6)

Pr{xvizx} =

g e =T~ Tiwe =T+ X (B~ 6)

x=0
Since there are more than two probabilities at each item that
have to be calculated additional parameters of a new kind
has to be added to the model®-?2. The number of possible
extra parameters reflects the number of thresholds, which
in turn are strictly related to the number of categories on the
items. The thresholds are the points related to the common
logit scale where the conditional probability of two adjacent
categories (given that the response falls into one of the two
categories) occurring is equal (i.e., 0.5). Hence within items
with three response categories there are two thresholds,
within items with four categories there are three thresholds,
and so on. In the extended model each threshold is re-
presented by a parameter . The x-value in the numerator is
just the score of the item. Since the denominator is the sum
of all the single numerators, every single parameter r will
affect the response probability of every x.
The thresholds are located around the item scale values, i.e.
the mean value of the estimates of these (centralised)
thresholds is zero. Hence, the location of each threshold
on the common latent scale is the sum of the estimate of
the item parameter and the estimate of the parameter 7
(= delta + tau). This means that the thresholds qualify the
category values of the items, which enables examinations of
the intensity at a category value on one item compared to a
numerically equal category value on another item.
Graphically, the thresholds divide the latent scale into dif-
ferent regions that correspond to the categories of the items.
The thresholds indicate the form of the ICC, i.e., how steep
it is. The closer distances between the thresholds the
steeper slope, that is, the stronger discrimination. In con-
trast to the dichotomous case, the probability value of x is
not the same as the expected value of x. In the polytomous
case, the response probabilities therefore are displayed
separately by category characteristic curves (see Fig.7
below). On those graphs the thresholds are located at the
intersection points of the probability curves at adjacent
thresholds.
Similar to the dichotomous model, there is a requirement of
equal discrimination also in the model for ordered cate-
gories, although that requirement does not apply to the items
as a whole but to all of the thresholds of the items. This is
reflected by the threshold probability curves, which express
a dichotomous response pattern at each threshold.
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In order to further elucidate the close link between the basic
dichotomous model and the extended model for polytomous
ordered data, the idea of thresholds may also be applied
into the dichotomous model. In fact, a dichotomous model
with two ordered categories can be viewed as a special case
of the polytomous model. However, in the dichotomous case
there is just one threshold, i.e., where the probability of the
two response alternatives is equal. Therefore the threshold
is identical to the item scale value which means that no
extra parameters are necessary in order to estimate the
thresholds.

The model for ordered polytomous data described above
allows the thresholds to vary across different items. That
feature distinguishes this unrestricted model (sometimes
called the partial credit model®) from a slightly different
variant of the model for polytomous ordered data, the (re-
stricted) rating model?-22 In that model the thresholds are
set/constrained to be equal across all the items. Hence, the
rating model is a more parsimonious variant than the un-
restricted model and it contains a less number of parameters,
although it is exactly the same kind of parameters included
in both the models. Since the distances between the thres-
holds across items become equal in the rating model, the
item characteristic curves are parallel, which is similar to the
dichotomous model but in contrast to the unrestricted
model for ordered data.

Similar to the dichotomous model, the fit of the extended
model has to be examined using in principal the same types
of test statistics?. In addition, the items in the extended
model have to be examined with respect to the patterns of
their categories in relation to the latent measure - in order
to make sure that the scores work in an ordered way as
expected, i.e., that no reversal scoring occur®-?. Reverse
threshold ordering indicates problems in the empirical
ordering of the response categories. Incorrect threshold
ordering is likely to be an indication of non-constant dis-
crimination at the thresholds due to multi-dimensionality
in the data. If an item does not discriminate at a threshold
and thereby causes reverse ordering of the thresholds, the
discrimination of the item as a whole may become exagger-
ated. A steeper slope of the ICC curve will reflect this in
turn.

Although reverse threshold ordering is a violation of the
requirement of the ordering of manifest categories, from a
numerical point of view the Rasch model does not require
a specific ordering of the thresholds. This means that a
sufficient statistic is provided and that the ordinary test
statistics may indicate “good” fit although the thresholds are
incorrect ordered. However, although the thresholds them-
selves do not have to be constrained in the polytomous
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model, the response patterns have to. Similar to the di-
chotomous model the responses have to conform to a
Guttman pattern. Unlike the dichotomous case this pattern
does not apply directly to the items themselves, but to the
thresholds of the items. In the polytomous case the Guttman
pattern implies that a person scoring “medium” on an item
would have succeeded in meeting the requirements also for
scoring “low”. Similarly, if a person fail to meet the require-
ments for scoring “medium?”, failure is also implied for scor-
ing “high™.

In the following, the Rasch model will be further described
in conjunction with the illustrative examples.

Tentative analyses and illustrative examples

In Table 1 the frequency distributions of the eight items are
shown. Table 1 shows that the prevalence of different health
problems as regards the frequency of their occurrence dif-
fers substantially. Looking at the “extreme” variables, about
one out of five students has experienced concentration diffi-
culties often or always but, for example, only about one out
of ten has felt giddy often or always.

General level of analysis

In Table 2 the estimates of the item parameters are report-
ed, revealing that the items are representing different de-
grees of severity. Negative and positive estimates indicate
that the items capture relatively less severe (e.g., concentra-
tion difficulties) and relatively more severe (e.g., giddy)
health problems respectively. Due to the scale construction
the values of all the eight item parameter estimates sum to
Zero.

In order to test if the items meet the model requirement
of invariance different options are available, e.g., the chi-

squared statistics and graphical representations using item
characteristic curves.®

The probability values reported in Table 2 are chi-square
statistics based on comparisons between observed means
and expected values in five approximately equal sized class

= NN e = N G

Table 1 The proportions of responses in different categories for all
items used (percent)
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Figure 2 ltem characteristic curve for Felt low

Concentrating -0.898 0.934- 0,535

43,080 -0.973 2741
difficulties L

Sleeping -0.214 3.094  0.060 ©* -1,639 " -0.645 - 0.352 1.932
difficulties i !
Headache -0.077 0.118 7 0.877 -1.842 -0686 0429 2399
Stomach aches 0.216  -0.533 . 0.717 © -1.856: -0.716 .. 0.728 ", 1.844
Tense 0.236 0.000° 0.456 52434 20717 08097 2342

~1.629. 20304 0487 1445

-2309 0627 ‘0.883 2053
1577 086" 0316 2087

Little appetite  0.241 0.172° 0.427

Felt low -0.026. ~ -0.635 . 0.393

Giddy 0520 -1.5237 0130

Table 2 Estimates of individual item parameters, item fit
and unconstrained centralised thresholds

intervals of persons along the latent trait. These results show
that the estimates of all items are statistically non-significant
(p > 0.01), i.e., the fit of the items seems good.

Similarly to the chi-squared tests the ifem characteristic
curves deal with comparisons between observed and expect-
ed scores for single items.

Figure 2 contains the item characteristic curve for the item
concerned with felr low. As would be expected, Figure 2
shows that the higher degree of health problems (measured
by the person location) the higher expected scoring on this
specific item which measures a single health problem (= felt
low).

The item characteristic curve in Figure 2 shows the cor-
respondence between the observed scores (calculated as the
mean in five approximately equal sized class intervals of
persons along the latent trait) and the expected values for
the persons in those intervals. The curve demonstrate a good
fit, i.e., the dots are located on the line or very close to the
line. In addition this apply along the entire x-axis indicating
that the item characteristics are invariant across individuals
(class intervals) along the latent trait.

An item characteristic curve indicating overdiscrimination
1s shown in figure 3. This figure shows the item characteristic
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Figure 4 Item characteristic curve for concentration difficulties
(constrained thresholds)

curve for giddy in the case when the thresholds are con-
strained to be equal across the items (= the rating modetl). In
relation to the predicted line the observed values form a
sharper line, i.e., some over-discrimination occurs. That is,
students with no health problems or less severe health prob-
lems tend to score too low on this particular item, while
students with more severe health problems tend to score too
high. In Rasch modelling such over-discrimination is inter-
preted as a sign of misfit. This view is opposite to the prac-
tice based on traditional test theory?,

An item characteristic curve indicating the opposite pattern,
i.e., slightly too poor discrimination is shown in Figure 4.
This Figure shows the item characteristic curve for con-
centration difficulties in the case when the thresholds are
constrained to be equal across the items. In relation to the
predicted curve the observed values form a flatter line, i.e.,
slightly too poor discrimination occurs. That is, students
with no health problems or less severe health problems tend
to score too high, while students with more severe health
problems tend to score too low.
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Table 3 Detection of differential item functioning using analysis of
variance of standardised residuals. Probability values based on F-ratios
for each item and divided according to gender and year of investiga-
tion respectively

Finer level of analysis

Although the overall correspondence between the health
measure and the items looks fine, distortions may be ob-
scured in the data and become detectable at a finer level of
analysis. The possible lack of invariance should therefore be
examined not just along the latent trait but also across sub-
groups like gender, using graphical representations as well as
formal test statistics.

Most efficient may be to simultaneously analyse item-by-
latent trait and item-by-person factor interaction. Analysis
of variance (based on the standardised residuals) is an ap-
propriate method for this purpose, since it enables the test
of fit to be partitioned into main effects and interaction
effects®.

Table 3 shows the results from analysis of variance for all
the items, separately performed for gender and year of
investigation respectively. The results show significant
(p < 0.01) gender main effects for two items and almost
significant main effects for two items (one for gender and
one for year). With respect to item-by-latent trait (class
intervals) no items show significant effects, neither when
divided by gender nor year of investigation. Furthermore,
no gender-by-class interval or year-by-class interval inter-
action effects occur.

In Figure 5 item characteristic curves for boys and girls
with respect to felt low are shown. In contrast to Figure 2
(describing a felt low curve for the entire sample), Figure 5
demonstrates poor fit, i.e., the responses are not invariant
between the two subgroups. More precisely, the figure indi-
cates gender differences with respect to the student’ reports
of felt low. Given the same overall health problem (= person
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Figure 6 ltem characteristic curves for felt low, divided by year
of investigation

location), in most intervals the girls score felt low to a high-
er degree than boys do. This will affect the gender differ-
ences in person measurement, all others being equal.
Figure 6 shows item characteristic curves for 1988 and 1998
separately with respect to felt low. In contrast to Figure 5,
Figure 6 illustrates a good fit between observed scores and
expected values for both years, indicating invariance and
lack of item by year interaction.

As mentioned above, in Rasch modelling based on three or
more categories the items do not have just to be evaluated
with respect to the correspondence between observed scores
and expected values but also with respect to the empirical
ordering of the categories. One way of doing this evalua-
tion is to examine the parameter 7, i.e., the values of the
thresholds.

In Table 2 the thresholds for all items are shown. The table
shows that the thresholds within each of the eight items
are successively ordered, which indicates that the items
work properly in this sense. A graphical way of examining
the ordering of the thresholds is to make use of category
probability curves. In Figure 7 such curves are shown for
felt low.

The shapes and patterns of the curves in figure 7 indicate
that the categories work properly, i.e., in an ordered way.
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Figure 7 Category probability curve for felt low

Having a low (negative) value on the health scale indicates a
high probability of scoring on the lowest value on the items.
Conversely, having a high (positive) value on the overall
measure, the probability of scoring a high value on the single
item is high. Describing this in another way, the thresholds
seem to work well, with values ranked successively from low
to high.

Summarising the tentative analyses, the Swedish data turn
as a whole out to fit the unconstrained Rasch model for
ordered categories fairly well. Since the finer level of ana-
lysis turned up with some item-by-person factor interac-
tions, judgements have to be made as to how to handle those
items suffering differential item functioning. The most dras-
tically option might be to discard the “bad” items. However,
as a rule of thumb, deletions of items should primarily be
guided by theory. Therefore, appropriate methods to take
differential item functioning into account, i.e., allowing
the items to be kept in the model, should be considered. As
a result the precision of measurement is likely to be en-
hanced ®.

Discussion

The theoretically derived Rasch model is based on mea-
surement requirements of the data, which in turn is built in
as properties of the Rasch model. Therefore, the model
should be used for examination of data, not for description
of data.

The Rasch model is obviously at the same time both simple
and sophisticated. The simplicity of the Rasch model lies in
the minimum number of parameters used in the model equa-
tion. The absence of a discrimination parameter may be con-
sidered to be a weakness, making the model too restrictive.
Thus, if the view is taken that a model should be used pri-
marily to describe the data then the parsimonious para-
meterisation will mean that the Rasch model sometimes will
be difficult to fit. However, the Rasch model enables detec-
tion of bad fit which otherwise would be obscured by the
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discrimination parameter, i.e., absorbed as a property of the
item.? Furthermore, from the point of view of understanding
the data, failure to fit the model may be very informative.
Most important, the Rasch model is the only latent trait
model with a sufficient statistic*, enabling objective and in-
variant comparisons. Therefore, the following view of Mole-
naar® might be an appropriate guideline for the process
of item analyses: “Whenever possible, it is thus recommend-
ed to find a set of items that satifies the RM [= Rasch
Model, CH], rather than find an IRT [Item Response Theo-
ry, CH] model that fits an existing item set.”

Using composite measures of health, it is important to
examine the possible impact of the respondents’ reference
frames on their responses. To the degree that the data fit the
Rasch model, to that degree the measures of the persons’
effects can be freed from the impact from the respondents’
reference frames. Hence, the requirement of invariance is
decisive in order to achieve fundamental measurement. It is
important to make sure that the items work consistently for
the individuals regardless of the severity of their health
problems. Similarly, it is important that the items work
consistently across different sample groups that are to be
compared. For example, in gender analyses the invariance
requirement is necessary to ensure that males and females
view health in a similar way; in trend analyses to ensure that
the views of health have not changed over time; in com-
parisons between countries to ensure that health is viewed in
a similar way across different cultures.

From a technical point of view, the Rasch model also offers
a solution to a common problem arising when outcomes
based on composite measures are analysed. Simply adding
scores from different items® may be misleading, if the items
and the respondents’ raw scores are not related in a similar
way to the construct in question.>* However, given that the
data fit the Rasch model the actual response structure can be
ignored since it is accounted for by the model. This also
means that neither uncertain assumptions about equal item
difficulty and equal distances between the response cate-
gories nor weights on the items have to be of concern.
Furthermore, since the Rasch model provides scores on an
interval scale, the outcomes provided by the Rasch analyses
may not only be used for item calibration but also for person
measurement based on parametric statistics.

Soz.-~ Préventivmed. 46 (2001) 369-378
@© Birkhauser Verlag, Basel, 2001

Hagquist C
Evaluating composite health measures using Rasch modelling

To take optimal advantage of Rasch modelling it should be
integrated as a part of the early process of developing scales
and instruments, facilitating the creation of theoretically
robust constructs. However, even at the later stage of analy-
ses (i.e., after the data collection has taken place) invariance
between different subgroups may be explored, interpreted
or adjusted for in a constructive way using Rasch modelling.
For example, items interacting with person factors like
gender may be retained without changing the fundamental
specifications of the model®.

Hence, not least within epidemiology and public health re-
search Rasch modelling may serve as a useful tool for devel-
opment and assessment of questionnaires.
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Zusammenfassung

Auswertung zusammengesetzter Gesundheitsmasse

nach dem Rasch-Modell: ein erlduterndes Beispiel
Fragestellung: Zweck des vorliegenden Artikels ist es, die
Mbglichkeiten des Rasch-Modells in der epidemiologischen
und Public-Health-Forschung zwecks Auswertung zusammen-
gesetzier Gesundheitsmasse zu erldutern,

Methoden; Der Artike! bietet einen Uberblick tiber das Rasch-
Modell in Verbindung mit erluternden Beispielen, die auf
statistischen Daten von Erwachsenen basisren.

Resultate: Der Artikel zeigt, wie das Rasch-Modell die Még-
lichkeit bietet, die Wirkung sinzelner Fragen bel verschieds-
nen Auswahi- bzw. Untergruppen zu bberprifen, d.h. die Auf-
deckung unterschiedlicher Funktionen bei Fragen zu ermbg-
jichen,

Schlussfolgerungen: Ais Schiussfolgerung gilt, dass das Rasch-
Modell als geeignetes Instrument bel der Auswertung und
Entwicklung zusammengesstzier Gesundheitsmasse dienen
kann, die in der epidemiologischen und Public-Health-For-
schung verwendet werden solien.
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Résumé

Evaluation de mesures de santé composites selon le modéle
de Rasch: un exemple illustratif

Objectifs: L'objectif de cet article est d'éclairer les possibilités
offertes par s modéle de Rasch en matigre d'épidémiologie et
de recherche en santé publique afin Jdévaluer des mesures

Originalartikel | Original article

Méthodes: Larticle étudie le modeéle de Rasch apartis de
donnédes provenant ¢'études avec les adolescants,

Résultats: i montre comment le modéle de Rasch permet de
comprendre 1a maniére dont les différentes variables fonction-
nent dans divers échantillons, ¢'est & dire de détecter le fone
ticnnement des écarts éventuels entre les differentes variables.
Conclusions: En conclusion, e modéle de Rasch peut constituer
un outil trés utile dans "évaluation et le développement de
mesures de santé composites utilisées en épldémiologie ainsi

composites de santé,

gu'en recherche dans le domaine de Iz santé publigue.
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