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The Rasch Measurement Model in Rheumatology:
What Is It and Why Use It? When Should It Be
Applied, and What Should One Look for in a
Rasch Paper?
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Introduction
When evaluating outcome tools, rheumatology researchers
are familiar with the traditional standards of measurement
science: validity, reliability, and responsiveness (1). In
these approaches construct validity may have been supported through factor analytic techniques that conﬁrmed
the presence of 1 or more valid unidimensional scales (a
scale measuring a single construct). Reliability is usually
reported as Cronbach’s alpha (2). Attention has also been
given to the concept of responsiveness, the ability of the
scale to detect change through measures such as the effect
size or standardized response mean (3).
Modern psychometric approaches have been adopted to
supplement this traditional approach (4). These new approaches have been mostly associated with the application
of the Rasch measurement model (5), usually referred to as
Rasch analysis. Although Rasch has been widely used in
education for the last 40 years, over the last decade a wide
variety of applications of Rasch analysis have been published in the health sciences. These range from early work
on widely used patient-reported scales such as the Health
Assessment Questionnaire (6) through the revision of observer-evaluated scoring systems such as Larsen radiographic scoring (7) to the recent introduction of the concept of item banking (8). However, understanding of this
analytical technique and its applications remains somewhat limited. This has not been helped by the use of
different software packages producing different Raschrelated statistics. This article seeks to provide an update
on the use of Rasch analysis; explain what it is, why it
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should be used, when to apply it; and provide guidance on
what the current state-of-the-art analysis should comprise,
and consequently what should be expected in a paper that
uses Rasch analysis.

What Is Rasch Analysis?
Rasch analysis is the formal testing of an outcome scale
against a mathematical measurement model developed by
the Danish mathematician Georg Rasch (5). The model
operationalizes the formal axioms that underpin measurement (9). These axioms, of additive conjoint measurement,
are the rules for making measurements and will determine
if ordinal or interval scales have been constructed (10,11).
Rasch analysis provides the opportunity to examine to
what extent the responses from a scale approach the pattern required to satisfy the axioms, and thus construct
measurement.
The Rasch model shows what should be expected in
responses to items if interval scale measurement is to be
achieved. Dichotomous (5) and polytomous (12) versions
of the model are available, the latter dealing with scales
whose items have multiple response categories (e.g., 1, 2,
and 3). The response patterns achieved from a set of items
in a questionnaire that are intended to be summed together
are tested against what is expected by the model, which
turns out to be a probabilistic form of Guttman scaling (13).
Guttman scaling is a deterministic pattern that expects a
strict hierarchical ordering of items (e.g., from low to high
levels of activity limitation) such that if (in the dichotomous case) a patient has afﬁrmed an item representing a
task of average difﬁculty, then all the items below that task
on the scale (i.e., easier tasks) should also be afﬁrmed. The
Rasch model relaxes this to say that if a harder task is
afﬁrmed, then there is a high probability that easier tasks
will also be afﬁrmed.
The model assumes that the probability of a given respondent afﬁrming an item is a logistic function of the
relative distance between the item location and the respondent location on a linear scale. In other words, the
probability that a person will afﬁrm an item is a logistic
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function of the difference between the person’s level of, for
example, pain and the level of pain expressed by the item,
and only a function of that difference.

Why Should Rasch Analysis Be Used?
Patient-reported outcomes are frequently used for evaluation in clinical trials, where valid change scores and access
to parametric statistics are required (14). Rasch analysis
can support this process by providing a transformation of
an ordinal score into a linear, interval-level variable, given
ﬁt of data to Rasch model expectations.
Consequently, Rasch analysis allows for a uniﬁed approach to several measurement issues, all of which are
required for the validity of the transformation to interval
scaling: testing the internal construct validity of the scale
for unidimensionality, required for a valid summed raw
(ordinal) score; testing the invariance of items (that is, the
ratio of difﬁculties between any pair of items remains
constant across the ability levels of respondents), required
for interval-level scaling; appropriate category ordering
(whether or not the category ordering of polytomous items
is working as expected); and differential item functioning
(DIF; whether bias exists for an item among subgroups in
the sample).

When Should Rasch Analysis Be Used?
Rasch analysis is used when a set of questionnaire items
(or items from an administered scale) are intended to be
summed together to provide a total score (which may
include several subscale totals, as well as an overall score).
There are different occasions when Rasch analysis would
be applied. First, it would be applied in the development
of a new scale, where it is possible to design the item set to
ﬁt the model expectations from the outset (15). Items
should be selected that are free of DIF, ﬁt model expectations, and demonstrate unidimensionality (16).
Second, Rasch analysis would be used in reviewing the
psychometric properties of existing ordinal scales. For example, where studies have found that existing category
structures for items (e.g., a 1– 6 response structure) do not
work as intended, it is necessary to collapse categories into
fewer options (17,18). Also, the unidimensionality of some
existing scales has been called into question, resulting in
the necessity of item deletion (19).
Third, Rasch analysis would be applied in examining
hypotheses about the dimensional structure of ordinal
scales. Sometimes second-order factors or higher-order
constructs are proposed (that is, when several sets of items
from different subscales are added together), and these can
be tested by ﬁt to the Rasch model (20). For example, can
we develop a higher-order construct of health status from
2 subscales of impairment (e.g., pain) and activity limitation?
Fourth, Rasch analysis would be used in constructing
item banks as the basis of computer adaptive testing. New
developments are emerging in medical outcome measurement (21). With calibrated item banks (where the difﬁculty
of items has been previously established on a single metric), it is possible to use computer algorithms to present
items to patients in such a way that their level on the
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construct to be measured can be determined by just a few
questions. This is called computer adaptive testing (22).
Finally, Rasch analysis would be applied whenever
change scores need to be calculated from ordinal scales.
The data must be shown to meet model expectations so
that an interval (logit-based) estimate can be derived.

What Software Is Available to Perform Rasch
Analysis?
In the medical outcomes literature, most Rasch analysis is
undertaken with proprietary software. The most commonly used packages are WINSTEPS (23), RUMM2020
(24), and ConQuest (25), but many more are available (26).
Each reports ﬁndings in a slightly different way, although
the basic premise is to test whether the response pattern
observed in the data matches the theoretical pattern expected by the model (i.e., the probabilistic form of Guttman scaling). This difference (between observed and expected) is at the heart of the statistics used to test if the data
ﬁt the model.

What to Look for in a Good Paper
Although different software can give rise to different reporting characteristics, there are some common fundamental aspects to the Rasch approach that should be reported
in any analysis. These are 1) the model chosen; 2) where
polytomous, the appropriate ordering of categories and
any necessary rescoring; 3) ﬁt of items and persons to the
model (including any relevant summary statistics) and
justiﬁcation for ﬁt levels chosen, strategy for improving ﬁt
(e.g., item deletion) and subsequent ﬁt statistics; 4) test of
the assumption of the local independence of items, including response dependency and unidimensionality; 5) the
presence of DIF and any action taken to adjust; 6) the
targeting of the scale; and 7) the person separation reliability.
Which derivation of the model is used? The ﬁrst step in
the process of Rasch analysis is a decision on which mathematical derivation of the Rasch model should be chosen.
When items in a scale have only 2 response options, the
dichotomous model is chosen. When items have 3 or more
options, then the Rasch model takes a slightly different
form, either what is commonly known as the Andrich
Rating Scale Model (12) or the Masters Partial Credit
Model (27). These derivations use the same Rasch model,
but they differ slightly in their mathematics and are named
after the people who developed them. The principal difference between the 2 is that the former expects the distance between thresholds to be equal across items. A
threshold is the probabilistic midpoint (i.e., 50/50) between any 2 adjacent categories. This means that the metric distance between, for example, the thresholds separating categories 1 and 2 and that separating categories 2 and
3 is the same across all items. In RUMM2020 there is a
likelihood ratio statistic to help decide which polytomous
version of the model to use. Whatever version of the model
is chosen needs to be reported, and if polytomous, the
reason for the choice should also be reported.
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Figure 1. Ordered category responses representing an increase in
trait value (logits) for each category. Note that each response
option (0, 1, and 2) has a distance across the trait when it is the
most probable response.

The threshold ordering of polytomous items. The second step for assessing polytomous scales, when using the
partial credit Rasch model, is to examine their category
structure. Whether the responses to the items are consistent with the metric estimate of the underlying construct is
indicated by an ordered set of response thresholds for each
of the items (Figure 1). When disordered thresholds occur,
some analysts will rescore items by collapsing categories,
and others will cite the increase in average measure to
indicate that the categories are working properly. Again,
whatever approach is used should be made explicit, along
with any remedial action taken.
Tests of ﬁt to the model. Given the emphasis on the
difference between observed response and that expected
by the model, it comes as no surprise that many of the ﬁt
statistics are chi-square based. In WINSTEPS these are
called INFIT and OUTFIT statistics, whereas in
RUMM2020 they are labeled as chi-square statistics. WINSTEPS also has some standardized ﬁt statistics (reported
as ZSTD), and RUMM2020 has a residual statistic, which
is the standardized sum of all differences between observed and expected values summed over all persons.
Each statistic gives slightly different information about the
difference between the observed and expected response,
similar to viewing something from a different angle. For
example, INFIT takes particular note of the difference between observed and expected response for those items that
have a difﬁculty level near the person’s ability level. OUTFIT includes the differences for all items, irrespective of
how far away the item difﬁculty is from the person’s ability. Thus the former is a weighted ﬁt statistic in that it
gives greater weight to responses to items close to the
person’s ability level. In RUMM2020 the chi-square statistic compares the difference in observed values with expected values across groups representing different ability
levels (called class intervals) across the trait to be measured (e.g., pain). Consequently, for a given item, several
chi-squares are computed (the number of groups depend
on sample size), and then these chi-square values are
summed to give the overall chi-square for the item, with
degrees of freedom being the number of groups minus 1. If
the value is less than 0.05 (or a Bonferroni-adjusted value
[28]) then the item is deemed to misﬁt model expectation.
None of the ﬁt statistics are directly comparable across the
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software packages, although in theory, because of their
standardized nature across all persons, the OUTFIT ZSTD
of WINSTEPS and the residual statistic in RUMM2020 are
very similar. RUMM2020 also reports an item-trait interaction chi-square, reﬂecting the property of invariance
across the trait. This sums the chi-squares for individual
items (as described above) across all items. A signiﬁcant
chi-square indicates that the hierarchical ordering of the
items varies across the trait, compromising the required
property of invariance. A wide variety of texts are available to help the reader understand ﬁt and the other relevant topics discussed in this article (18,26,29,30). The
choice of ﬁt statistic and the justiﬁcation for the choice
should always be included in the methods of any report.
In addition to item ﬁt, examination of person ﬁt is important. A few respondents with bizarre response patterns
(identiﬁed by high positive residuals) may seriously affect
ﬁt at the item level. Such aberrant response patterns may
be due to unrecorded comorbidity or, for example, respondents with cognitive deﬁcits. Therefore, where some respondents misﬁt in this way, removal from the analysis
may make a signiﬁcant difference to a scale’s internal
construct validity, while at the same time raising questions
about the external construct validity of the scale with the
particular patient group. Consequently, some summary of
person ﬁt should be reported.
Testing for differential item functioning. DIF, or item
bias, can also affect ﬁt to the model. This occurs when
different groups within the sample (e.g., younger and older
persons) respond in a different manner to an individual
item, despite equal levels of the underlying characteristic
being measured. Therefore, this does not preclude a different score between younger and older persons, but rather
indicates that, given the same level of, for example, pain,
the expected score on any item should be the same, irrespective of age. Two types of DIF may be identiﬁed. One is
where the group shows a consistent systematic difference
in their responses to an item, across the whole range of the
attribute being measured, which is referred to as uniform
DIF (31). When there is nonuniformity in the differences
between the groups (e.g., differences vary across levels of
the attribute), then this is referred to as nonuniform DIF, as
is demonstrated in Figure 2, which shows the difference in
response to a dichotomous variable across countries. The

Figure 2. Nonuniform differential item functioning. Note that
respondents in France have a higher probability of afﬁrming this
item when they are located in the middle of the construct, but a
lower probability at the margins.
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analysis of DIF has been widely used to examine crosscultural validity, and readers can ﬁnd an explanation of
the approach, including the analysis of variance– based
statistical analysis used in RUMM2020, in several recent
reports (17,32,33). At the very least, expect to see DIF for
age and sex reported.
Targeting of persons and items, and sample size. In
Rasch software the scale is always centered on zero logits,
representing the item of average difﬁculty for the scale.
Given this is an interval scale variable, it can be rescored to
a convenient value and range (e.g., a value of 5, with a
range of 0 –10). Comparison of the mean location score
obtained for persons with that of the value of zero set for
the items provides an indication of how well targeted the
items are for people in the sample. For a well-targeted
measure (not too easy, not too hard), the mean location for
persons would also be around the value of zero. A positive
mean value for persons would indicate that the sample as
a whole was located at a higher level (e.g., of pain) than the
average of the scale, while a negative value would suggest
the opposite. Some indication of the quality of targeting
should always be reported.
Reliability. Both WINSTEPS and RUMM2020 have a
measure of reliability, although again they differ slightly in
their interpretation. In RUMM2020 an estimate of the internal consistency reliability of the scale is available as a
person separation index. This is equivalent to Cronbach’s
alpha (2), only using the logit value (linear person estimate) as opposed to the raw score in the same formulae. It
is interpreted in a similar manner, that is, a minimum
value of 0.7 is required for group use and 0.85 for individual use. In WINSTEPS an item separation ratio is reported,
and the equivalent values of this would be 1.5 and 2.5,
respectively. Whichever package is used, these values
should be given and explained in the Methods section.
Response dependency. The assumption of local independence that underpins the Rasch models implies that
once you have extracted the Rasch factor, that is, the main
scale, there should be no leftover patterns in the residuals.
A breach in the assumption of local independence of items
can be found in 2 ways, through response dependency and
multidimensionality. Response dependency is where
items are linked in some way, such that the response on
one item will determine the response on another. The
classic example of this is where several walking items are
included in the same scale. If a person can walk several
miles without difﬁculty, then that person must be able to
walk 1 mile, or any lesser distance, without difﬁculty.
Such sets of items inﬂate classic reliability and affect parameter estimation in Rasch analysis. They can be identiﬁed through the residual correlation matrix and dealt with
by combining the items into a subtest, which, in the example above, would be the equivalent of making one walking item with response options that relate to how far a
person can walk. Expect to see that this issue has been
dealt with, if only to report that no response dependency
was found.
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Unidimensionality. The Rasch model is a unidimensional measurement model, therefore the assumption is
that the items summed together form a unidimensional
scale. There are various ways to test this assumption, and
these can be thought of as a series of indicators to support
the assumption. Rasch programs usually provide a principal components analysis of the residuals. This allows for a
test of the local independence of the items (34). This test
implies that once the Rasch factor has been taken into
account, there should be no further associations between
the items other than random associations. The absence of
any meaningful pattern in the residuals will also be
deemed to support the assumption of unidimensionality.
A test for this has been proposed by Smith (35). This test
takes the patterning of items in the residuals, examining
the correlation between items and the ﬁrst residual factor,
and uses these patterns to deﬁne 2 subsets of items (i.e.,
the positively and negatively correlated items). These 2
sets of items are then used to make separate person estimates, and, using an independent t-test for the difference
in these estimates for each person, the percentage of such
tests outside the range ⫺1.96 to 1.96 should not exceed
5%. A conﬁdence interval for a binomial test of proportions is calculated for the observed number of signiﬁcant
tests, and this value should overlap the 5% expected value
for the scale to be unidimensional. Given that the differences in estimates derived from the 2 subsets of items are
normally distributed, this approach is robust enough to
detect multidimensionality (36) and appears to give a test
of strict unidimensionality, as opposed to essential dimensionality (37). In the latter case a dominant factor occurs,
and although other factors exist, they are not deemed to
compromise measurement. However, it is our experience
that a t-value that exceeds 1.96 usually equates to a substantial difference in the person estimate derived from
different sets of items. This raises concerns about the validity of such approaches when scales are to be used at the
individual person level (for example, with a clinical cut
point) or where item banks are to be established, given that
in these circumstances estimates may be made from just a
few items using a computer adaptive testing approach (22).
We argue that the observed differences in person estimates
associated with a signiﬁcant number of t-tests cannot be
sustained under these circumstances. Therefore, any article should report on the unidimensionality of the scale,
including one or more of the tests above, preferably appropriate to the use to be made of the scale.

Conclusion
The Rasch measurement model is now ﬁrmly established
as the standard for modern psychometric evaluations of
outcome scales. Whether constructing a new scale or reviewing and revising existing scales, performing Rasch
analysis provides a powerful tool for bringing together key
issues such as unidimensionality, category ordering, and
DIF within the framework of measurement science. It is
important to remember that all ordinal scales are nonlinear, and the raw score remains so even when data ﬁt the
Rasch model. The curve is always a sigmoid, and thus the
values at the margins cover a wider part of the underlying
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trait than those at the center. However, ﬁt to the model
ensures that a logit person estimate can be exported for
parametric analysis. Deﬁning measurement, the Rasch
model thus provides a template for the appropriate pattern
of responses if a unidimensional scale is to be constructed
and a linear conversion of an ordinal score is required.
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