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Editorial
This issue of the Journal of Outcome Measurement (JOM) includes
articles covering a variety of applications ofmeasurement and Rasch
analysis. Measurement in the psychosocial sciences is addressed by
William P. Fisher, Jf., Ph.D. and he presents some thought provok
ing concepts and questions for the field of measurement. Your re
sponses to these will be published and submitted to the author for
comment. The remaining articles present a range of applications of
Rasch measurement to physician work, cognitive growth and devel
opment, patterns of disability and ordinal scales, providing a superb
overview of the power of measurement and in particular of the Ra
sch methodology.
Please consider the JOM for publication of your measurement and
outcome studies.
Please call: (630) 221-1200 x 222
Or fax:
(630) 221-1201
Or Email: rfharvey@rfi.org

Your Editor,

Richard F. Harvey, M.D.
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Objectivity in Psychosocial
Measurement:
What, Why, How
William P. Fisher, Jr.
LSU Medical Health Sciences Center,
New Orleans, LA

This article raises and tries to answer questions concerning what objectivity in psychosocial
measurement is, why it is important, and how it can be achieved. Following in the tradition of
the Socratic art ofmaiuetics, objectivity is characterized by the separation of meaning from
the geometric, metaphoric, or numeric figure carrying it, allowing an ideal and abstract entity
to take on a life of its own. Examples of objective entities start from anything teachable and
learnable, but for the purposes of measurement, the meter, gram, volt, and liter are paradigmatic
because of their generalizability across observers, instruments, laboratories, samples,
applications, etc. Objectivity is important because it is only through it that distinct conceptual
entities are meaningfully distinguished. Secn from another angle, objectivity is important
because it defines the conditions of the possibility of shared meaning and community. Full
objectivity in psychosocial measurement can be achieved only by attending to both its
methodological and its social aspects. The methodological aspect has recently achieved some
notice in psychosocial measurement, especially in the form of Rasch' s probabilistic conjoint
models. Objectivity's social aspect has only recently been noticed by historians of science,
and has not yet been systematically incorporated in any psychosocial science. An approach
to achieving full objectivity in psychosocial measurement is adapted from the ASTM Standard
Practice for Conducting an Interlaboratory Study to Determine the Precision of a Test Method
(ASTM Committee E-ll on Statistical Methods, 1992).

Requests for reprints should be sent to William P. Fisher, Jr., Professor of Research, Public
Health & Preventive Medicine, LSU Health Sciences Center, 1901 Perdido St., New Orleans,
LA 70112-1393
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"With the prospect ofthe development ofa framework for merging
scales ahead, the real problem is, ofcourse, determining how the
convergence ofscales is to be accomplished, if, indeed, it can be
accomplished at all." (Wegener, 1982, p. 41)
Future generations will wonder how it ever came to pass that summed
ratings were mistaken for measures. In contrast with most uses of the word
"measure," the size and meaning of summed ratings' unit ofmeasurement
are dependent to unknown extents on the particular persons measured, the
particular questions asked, the particular rating scale categories employed,
and other factors, such as the particular clinician making the observations,
or the facility where treatment is provided. Not only are these alleged mea
sures scale-dependent and sample-dependent, they are commonly treated
as interval or ratio measures, when they are not. They are ordinal, meaning
that the data support only comparisons of rank order, not comparisons of
amount.
Though they incorporate various unexamined dependencies and consist
of a unit of measurement of unknown and changeable size, little, if any
thing, in the way of quality assessment and improvement is ever offered for
psychosocial measures, largely because changes to the scale would also
change the scale-dependent unit ofmeasurement, making new data incom
mensurable with old. The inability of the method of summated ratings to
deal with missing data is its primary practical flaw, compromising not only
the commensurability ofthe scores, but the objectivity of comparisons based
on them, the capacity to establish universal metrics referenced by all instru
ments measuring a particular variable, opportunities for removing variation
in rater harshness or leniency from the measures, and the adaptive adminis
tration of scale items selected for their particular relevance to the individual
measured.
As demands for accountability in education and health care continue to
mount, more and more idiosyncratically and arbitrarily scored tests, health
status, patient satisfaction, quality of life, and functional assessment instru
ments are added to the already cacophonous psychosocial measurement Tower
ofBabel. Recently, a number ofarticles have offered technical arguments for
not treating ordinal data as interval, showing how the lack of a constant unit
difference in the raw scores can lay the "foundations ofmisinference" (Merbitz,
Morris and Grip, 1989; Fisher, 1993; Michell, 1990, 1997; Silverstein, Fisher,
Kilgore, Harvey and Harley, 1992; Stucki, Daltroy, Katz, lohannesson and
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Liang, 1996; Wilson, 1971; Wright and Linacre, 1989; Zhu, 1996). Because
ofhis concern that sociology is founded on unstable inferential bases, Wilson
(1971, p. 433) strongly asserts that
the task of developing valid, reliable interval measurement is not a
technical detail that can be postponed indefinitely while the main
efforts in sociological research are devoted to substantive theory
construction; rather it is the central theoretical and methodological
problem in scientifically oriented sociology.
This article is intended to show that the task of developing valid, reliable
measurement does not stop at the point where ordinal data are transformed
into scale- and sample-free interval measures in instrument calibration stud
ies. Interval measures taken alone, isolated in different samples of persons
and items in separate laboratories with no reference standards for metric
range and unit or for data quality, do not solve the central theoretical and
methodological problem ofthe psychosocial sciences.
The task of psychosocial measurement has another aspect that remains
virtually unaddressed, and that is the social dimension of metrology, the
networks oftechnicians and scientists who monitor the repeatability and
reproducibility of measures across instruments, users, samples, laborato
ries, applications, etc. For the problem of valid, reliable interval measure
ment to be solved, within-laboratory results must be shared and
communicated between laboratories, with the aim of coining a common
currency for the exchange of quantitative value. Instrument calibration
(intralaboratory repeatability or ruggedness) studies and metrological
(interlaboratory reproducibility) studies must be integrated in a systematic
approach to accomplishing the task of developing valid, reliable interval
measurement. Accordingly, this article will first pose the question concern
ing what objectivity in psychosocial measurement is; then it will address the
questions of why it is important, and how it can be achieved.

What is objectivity in psychosocial measurement?
The popular distinction between subjective and objective measures
(McDowell and Newell, 1996, p. 14) is more like a bad novel than anything
that has to do with the history of science and reason (Heidegger, 1967, p.
99; Lakoff and Johnson, 1980). Common usage in health care outcome
measurement holds that self-reported satisfaction, attitude, or health status
measures are subjective, and blood pressure, body temperature, height, and
weight are objective. This sense ofthe subjective as allegedly unobservable,
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internal, or mental, and of the objective as allegedly observable, concrete,
and material, has nothing to do with the philosophical senses of subjectivity
and objectivity that have made science possible. Objectivity is not concrete
ness, and subjectivity is not the idiosyncratic experience ofan individual.
Methodologically, the problem of objectivity in psychosocial measure
ment has much in common with the problem of objectivity in geometrical
measurement faced by Plato 2500 years ago. Plato drew from his teacher
Socrates' sense of objectivity as a matter of maiuetics (midwifery). As is
recounted in the Theaetetus (149a-151e), Socrates saw his task as one of
aiding in the birth of ideas, and checking them to see whether "the off
spring of ... thought is a false phantom or instinct with life and truth"
(150c). Plato applied Socrates' method to the problem ofline segments of
irrational length, as the hypotenuse of a right isosceles triangle must be.
Plato realized that irrational numbers are not false phantoms simply be
cause they represent line segments that cannot be made commensurable
with other line lengths, no matter how precisely they are drawn, as was
held by the Sophists and Pythagoreans. Plato showed that irrational num
bers have just as much objective existence and mathematical validity as
rational numbers insofar as they come alive with meaning in the context of
geometry. Plato then restricted the instruments of geometry to the com
pass and the straightedge because only these, and not the mechanical de
vices employed by Sophists and Pythagoreans for copying and manipulating
figures, allowed the meaningful, abstract ideality conveyed by the figures to
separate from them and take on lives of their own (Fisher, 1992).
All measurement must therefore be recognized as indirect, since ab
stract ideas are never observable in and of themselves. It has long been
recognized that the objectivity of weight, for instance, is "customarily de
termined by watching a pointer on a scale. No one could truthfully say that
he 'saw' the weight" (Guilford, 1936, pp. 1-19; Andrich, 1990; Rasch,
1977, p. 68; Rehfeldt, 1990, p. 117). Even perception itself, because it is a
process of selectively focussing attention, is a reading, and hence inter
pretation, of the world, making all of the implications of hermeneutics
(interpretation theory) relevant to science (Heelan, 1972, 1983a, 1983b,
1983c; Ihde, 1991; Stent, 1981; Nicholson, 1984; Fisher, 1988, 1991, 1992;
Weinsheimer, 1985).
Objectivity is not a special epistemological advantage that physical
measures have over measures ofhuman abilities, attitudes, or health. None
theless, data from rating scales filled out by clinicians are typically consid
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ered more objective than self-reported data because observations are tied to
concrete clinical indicators, such as the percent to which someone with
disabilities is functionally dependent on a caregiver.
Following Socrates and Plato, then, we see that objectivity has a meth
odological aspect characterized by the abstract and ideal stability, repeat
ability, and reproducibility of a unit of measurement within and across
samples, instruments, laboratories, operators, environmental conditions,
etc. But objectivity does not happen by itself or exist in nature apart from
human culture and technology. It emerges only from within particular kinds
of Socratic conversations, conversations that can be deliberately crafted
by those who value them. Perhaps because of the transparency of instru
ments (Bud and Cozzens, 1992), the invisibility of technicians (Shapin,
1989), and facile assumptions about the mathematical relation ofnumbers
to the things they represent (Duncan, 1984; Fisher, 1992; Merbitz, et aI.,
1989; Michell, 1990, 1997; Wilson, 1971; Wright and Linacre, 1989; Zhu,
1996), the psychosocial sciences lack the social networks of technicians
who focus on converting experiments into governable instruments, and
then on maintaining and improving the stability of the instruments' units
of measurement across all of the possible sources of variation. The social
and methodological senses of objectivity will be explored in more detail
before taking up the why and the how of objectivity.

Social Objectivity
Without embarking on a long excursion into the large literature on the
topic (Ackermann, 1985; Bernstein, 1983; Brown, 1977; Bud and Cozzens,
1992; Daston, 1992; Daston and Galison, 1992; Hacking, 1983; Heelan,
1965, 1983a, 1983b, 1993; Hesse, 1972; Ihde, 1991; Kuhn, 1970; Latour,
1989; Mendelsohn, 1992; Schaffer, 1992; Shapin, 1989; Todes and Dreyfus,
1970; Wise, 1988), it must be pointed out that both of objectivity's primary
aspects, the social and methodological, must be incorporated into any sci
ence that hopes to be quantitative. Although in current Rasch measurement
practice objectivity is defined in purely methodological terms, success in
quantification cannot be restricted to the use of well-crafted instruments
that meet specific mathematical requirements for parameter in variance (see
next section).
In addition to methodological objectivity, quantitative success must also
require groups ofpeople who 1) agree on methods for assessing data qual
ity, 2) agree on quantitative unit sizes and ranges, 3) agree on the skills
required for instrument use, and who 4) circulate reference standard samples
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and instruments among themselves, maintaining and enhancing the stan
dards according to longstanding and widely accepted methods ofconducting
interlaboratory consistency trials (ASTM Committee E-11 on Statistical
Methods, 1992; Mandel, 1977; Mandel, 1978; Wernimont, 1977; Wernimont,
1978). As O'Connell (O'Connell, 1993, p. 166) puts it,
The challenge to social scientists is to stop taking the universality of
entities like the volt for granted, and to start treating the volt like the
society which it truly is-a distributed collective connected by con
tinually renewed structured relations of exchange and authority.
Scientific entities are not universal until scientists or their techni
cians take the trouble to make them so.
Similarly, Widmalm (Widmalm, 1995) says that
Technical reliability depends on the organization of people. Scien
tific conventions, such as standards, are both agents of unity and
products of agreement. ... The adoption of standards reflects the
adoption oflaboratory cultures. Precision is the result not only of
individual technical prowess, but ofnetworks of scientists who rely
on an infrastructure of workshops and bureaucracies.
And Schaffer (Schaffer, 1992) says that
The physical values which the laboratory fixes are sustained by the
social values which the laboratory inculcates .... In milieux such as
those of Victorian Britain the propagation of standards and values
was the means through which physicists reckoned they could link
their work with technical and economic projects elsewhere in their
society. Instrumental ensembles let these workers embody the val
ues which mattered to their culture in their laboratory routines. In
tellectualist condescension distracts our attention from these
everyday practices, from their technical staff, and from the work
which makes results count outside laboratory walls.
Even in the field ofhistorical metrology, "weights and measures officials are
almost never discussed, and ifthey are they receive only briefmention as a
footnote to a presentation of the units" (Zupko, 1977, p. xiv). Thus, the
social sciences do not have objective units of measurement that are univer
sally recognized and accepted at least in part because they do not take the
trouble to circulate and evaluate well-calibrated instruments and samples of
known value for conformity with the chosen standards.
As social studies ofscience and technology continue to focus on the roles
played by instruments and technicians in sustaining the physical sciences'
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universal units of measurement, a context and need will be created for the
emergence of methods that test numbers produced by rating scale instru
ments for the mathematical invariance required for establishing universal units
ofmeasurement in the psychosocial sciences. Methods already in place (AS1M
Committee E-11 on Statistical Methods, 1992; Mandel, 1977; Mandel, 1978;
Wernimont, 1977; Wernimont, 1978) for evaluating the consistency ofphysi
cal measures and calibrations within and across laboratories, samples, opera
tors, etc. provide a model for how to create, maintain, and improve universal
metrics for specific variables accessed via rating scales (Fisher, 1997b). In
addition to these methods, and in addition to the technicians interested in
fostering networks of social objectivity, the psychosocial fields employing
rating scale instruments must also pay strict attention to a more fundamental
level ofmethodological objectivity.

Methodological Objectivity
L. L. Thurstone's (Thurstone, 1959, p. 228) 1928 definition of objec
tivity in measurement is as relevant now as ever:

One crucial experimental test must be applied to our method of
measuring attitudes before it can be accepted as valid. A measur
ing instrument must not be seriously affected in its measuring func
tion by the object ofmeasurement. To the extent that its measuring
function is so affected, the validity of the instrument is impaired
or limited. If a yardstick measured differently because of the fact
that it was a rug, a picture, or a piece of paper that was being
measured, then to that extent the trustworthiness of that yardstick
as a measuring device would be impaired. Within the range of ob
jects for which the measuring instrument is intended, its function
must be independent ofthe object ofmeasuremenL.. Ifthe scale is
to be regarded as valid, the scale values of the statements should
not be affected by the opinions of the people who help to construct
it. This may tum out to be a severe test in practice, but the scaling
method must stand such a test before it can be accepted as being
more than a description ofthe people who construct the scale.
Thurstone's method of paired comparisons came very close to providing the
tests needed to establish whether or not scale-free person measurement, and
sample-free instrument calibration, had been achieved. Other ways of stating
Thurstone's requirement for scale-free measurement were offered by Jane
Loevinger (Loevinger, 1947) and Louis Guttman (Guttman, 1950). Guttman
says that the "definition of a scale ... requires that each person's responses
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should be reproducible from his rank alone," "rank" referring to a position in a
distribution defmed by the person's summated ratings, or score. For this repro
ducibility to occur, the order of the items on the instrument cannot be depen
dent on the particular person measured, just as Thurstone required.
The works ofThurstone and Guttman have become part of a tradition
in measurement theory that continues to the present (Bradley and Terry,
1952; Cliff, 1973; Krantz, Luce, Suppes and Tversky, 1971; Luce and
Tukey, 1964; Lumsden, 1980; Michell, 1990; Perline, Wright and Wainer,
1979; Wright, 1997). The admitted and recognized problem with this line
of theory development is its requirement of an absolute, deterministic or
der to survey questions. As Guttman (Guttman, 1950, p. 63) says,
Murphy, Murphy, and Newcomb further note that, 'As a matter of
fact there is every reason to believe that none of the rather com
plex social attitudes which we are primarily discussing will ever
conform to such rigorous measurement.' Perhaps such a belief
may account for the fact that the mass of current attitude research
pays little or no attention to this fundamental rationale. The com
mon tendency has been to plunge into analysis of data without
having a clear idea as to when a single dimension exists and when
it does not. For example, bivariate techniques~like critical ratios
and biserial correlations~are commonly used to find items that
'discriminate' and to determine 'weights,' without testing whether
or not the multivariate distribution ofthe items is actually indicative
ofa single dimension.
This comment dates from 1950, but could just as easily be applied to the
vast majority of today's psychosocial measurement applications. What
Guttman calls plunging into data analysis without checking to see whether a
single dimension exists to support the meaning ofa summated score is still
far more common than not. Even when some concern is paid to dimension
ality, it is usually approached by means offactor analysis, which does noth
ing to test for or establish scale-free measurement.!
Applications of Thurstone's method of paired comparison are today
practically nonexistent, and Guttman scaling often requires rejection ofmore
than half ofthe data gathered as unscalable, so it too is rarely used. In 1946,
Gulliksen (Gulliksen, 1946) unsuccessfully tried to revive the paired com
parisons method and bring it to the attention ofhis colleagues. Cliff s (Cliff,
1973) review of advances made during the 1960s in measurement theory
considered a paper by Luce and Tukey (Luce and Tukey, 1964) that used a
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Thurstonian approach in reinventing fundamental measurement one of the
two most seminal works of the period. Cliffhad to admit his "disappoint
ment that more advantage has not been taken of the [opportunities offered
by the theory]."
In 1990, Michell (Michell, 1990, p. 67) essentially repeated Cliff s re
mark, contending that psychologists "have failed to realize the significance
of Luce and Tukey's (1964) development" of "a new kind offundamental
measurement." Echoing Guttman, Michell (Michell, 1990, p. 130) says,
In general psychologists have ... found refuge in quantitative meth
ods that, because they assume more, demand less foundational re
search as the basis for their application. Methods that always yield
a scaling solution, like the method of summated ratings, are al
most universally preferred to methods which ... do not produce a
scaling solution when they are falsified by the data. Surprisingly,
vulnerability to falsification is commonly deemed by psycholo
gists to be a fault rather than a virtue.
Part of the problem in convincing psychologists and others to treat the
quantitative status of a variable as a falsifiable hypothesis has been the
complexity of the theories and methods available for testing such hypoth
eses and creating data amenable to such tests, besides the unavailability of
simple and easy-to-use software for these kinds of data analysis.
In contrast with the problems associated with deterministic approaches to
measurement, probabilistic models for measurement worked out by Georg
Rasch (Rasch, 1960; Rasch, 1961; Rasch, 1977) and built on by his students
and colleagues (Andersen, 1980; Andrich, 1978a; Andrich, 1988; Fischer,
1973; Fischer, 1974; Fischer and Molenaar, 1995; Wright, 1968, 1977b; Wright
and Masters, 1982; Wright and Stone, 1979) are much simpler and applicable
to many kinds of data, with software (Adams and Kboo, 1995; Allerup and
Sorber, 1977; ASC, 1996; Andrich, 1997; Andrich, Lynne and Sheridan, 1990;
Glas and Ellis, 1995; Gustafsson, 1979; Kelderman and Steen, 1988; Linacre,
1995,1998; Smith, 1991b; Wright and Linacre, 1995; Verhelst, 1993; Wu,
Adams and Wilson, 1996) that has been undergoing continuous improvement
for over 30 years. Relationships between Rasch's models and Guttman scal
ing, Thurstone's method of paired comparisons, Luce and Tukey' s additive
conjoint measurement principles, and Fisher's notion ofsufficiency are well
known (Andersen, 1977; Andrich, 1978b; Andrich, 1985; Andrich, 1988;
Brink, 1972; Brogden, 1977; Englehard, 1984; Englehard, 1994; Fisher and
Wright, 1994; Green, 1986; Keats, 1967; Perline, et aI., 1979; van der Lin
den, 1994; Wilson, 1989; Wright, 1980, 1997).
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Rasch's entry into measurement theory hinged on the use he was able
to make of Fisher's (Fisher, 1922) notion of statistical sufficiency, provid
ing, in effect, a formal mathematical basis for Thurstone's "crucial experi
mental test" and for Guttman's sense ofreproducibility, though Rasch was
apparently unfamiliar with Thurstone's and Guttman's works at the time.
Rasch was primarily a mathematician, but had worked with Fisher in Lon
don in the 1930s and was impressed by the mathematical implications of
sufficiency. When Rasch was asked to help solve some educational mea
surement problems in Denmark in the 1950s, he made a point of making
sure that the measures were statistically sufficient estimates of ability. He
focussed on sufficiency because, as he (Rasch, personal communication
recorded in Wright, 1980: xii) later said,
When a sufficient estimate exists, it extracts every bit of knowl
edge about a specified feature of the situation made available by
the data as formalized by the chosen model. 'Sufficient' stands for
'exhaustive' as regards the feature in question.
What is left over when a sufficient estimate has been extracted
from the data is independent ofthe trait in question and may there
fore be used for a control of the model that does not depend on
how the actual estimates happen to reproduce the original data ....
The realization of the concept of sufficiency, I think, is a substan
tial contribution to the theory of knowledge and the high mark of
what Fisher did .... His formalization ofsufficiency nails down the
... conditions that a model must fulfill in order for it to yield an
objective basis for inference.
Sufficiency can be illustrated via the simple example of any common, ev
eryday measurement task. Whenever a ruler, bathroom scale, or thermom
eter is read, what one is in effect doing is asking, "Is the indicator at or
above here?" for every hash mark on the number line. Responses of "Yes"
to this question are assigned a score of "1 " and responses of "No" a score
of "0". The measure is the sum of these scores. The fundamental and ines
capable requirement ofmeasurement is that the pattern of "Yes" and "No"
responses on the instrument, and on any other instrument measuring the
same variable, be reproducible from the score alone. Summary scores ca
pable of meeting this requirement are sufficient statistics.
Instead of treating sufficiency as an assumption that can be ignored,
Rasch turns it into a requirement that enables checks on the extent to which
the requirements for measurement have been met in every response (Adams
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and Wright, 1994; Gustafsson, 1980; Ludlow, 1985; Smith, 1986, 1991a,
1994; Wright, 1977b, 1985, 1997; Wright and Masters, 1982; Wright and
Stone, 1979). Control of the model follows from the fact that scores imply
specific patterns ofresponse ifthey are sufficient statistics, with the easiest
tasks most likely to be succeeded on, and the most difficult ones, least
likely. When data contradict the model, it is not the model that is at fault,
if we value sufficiency, generalizability, objectivity, and the opportunity
for creating universal metrics, but the data. For instance, ambiguously
worded questions may provoke one response from some people, and an
other response from others, quite apart from the consistency of their re
sponses on other questions. Similarly, questions or tasks that are much too
easy or too difficult for an individual may provoke unexpected responses
through carelessness, guessing, or special strengths and weaknesses;
adaptively restricting questions to those of a difficulty close to the person's
ability eliminates such problems.
Any use of summed ratings as measures assumes not only that these
ordinal data are interval measures, but that each score is a sufficient statis
tic (Andersen, 1977). Rasch deliberately required sufficiency when he theo
rized that 1) a person with a higher score than another (assuming a common
set of items) should also have a higher probability of success on any item,
and 2) an item with a higher score than another (assuming administration to
a common sample ofpersons ) should also have a higher probability ofbeing
succeeded on by any person. 2 This is nothing but a formalization ofwhat is
necessarily assumed whenever scores are treated as measures. Thus,
for anyone who claims scepticism about 'the assumptions' of the
Rasch model, those who use unweighted scores are, however un
wittingly, counting on the Rasch model to see them through.
Whether this is useful in practice is a question not for more theo
rizing, but for empirical study (Wright, 1977b, p. 114).
Each new application of a Rasch model poses the question of whether
counts of correct answers or of rating scale steps comprise useful and
manageable frameworks for observing and measuring amounts of ability,
attitude, or health. Eleven separate analyses of four different physical dis
ability measures not only provide individual confirmations ofthe practical
utility of counting on the Rasch model, but they provide strong evidence
in support ofthe hypothesis that they measure the same variable, and could
do so in the same metric (Fisher, 1997a).
Because of widespread misunderstanding ofwhat Rasch measurement
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is, it is necessary to point out that the area oftheoretical analysis relevant to
discussion of Rasch's models for measurement is fundamental measure
ment theory and related principles of mathematical invariance involving
statistical consistency and sufficiency (Andrich, 1988; Fisher, 1994; van der
Linden, 1994; Wright, 1977a, 1984, 1997). This point has been insuffi
ciently appreciated in some summaries of the health measurement litera
ture, where Rasch measurement mistakenly has been situated in the context
ofItem Response Theory (IRT). Neither oftwo recent books (Streiner and
Norman, 1995; McDowell and Newell, 1996) makes any mention of
Thurstone's (Thurstone, 1959) crucial experimental test, Fisher's (Fisher,
1922) sense ofsufficiency, or fundamental measurement theory (Campbell,
1920; Luce and Tukey, 1964; Krantz, et aI., 1971; Michell, 1990, 1997), all
of which are commonly related to Rasch measurement (Andrich, 1978b;
Andrich, 1988; Brogden, 1977; Englehard, 1984, 1994; Fisher and Wright,
1994; Perline, et aI., 1979; van der Linden, 1994; Wright, 1980, 1977a;
1984, 1997; Wright and Masters, 1982; Wright and Stone, 1979). All ofthe
reasons listed by Streiner and Norman (Streiner and Norman, 1995, p. 187)
as to why Rasch measurement has not seen more application are mistaken.
In fact, their claim that "latent-trait theory has not been widely used in test
construction" contradicts the fact that Rasch measurement has been used
for as long as 30 years by researchers at American College Testing, Educa
tional Testing Service, the Psychological Corporation, and American Guid
ance Services; by educational research groups in Australia, Britain, Denmark,
Israel, Malaysia, the Netherlands, South Africa, and elsewhere; and by school
boards in Chicago, New York, Phoenix, Portland (OR), Minneapolis, and
elsewhere.
As a result ofthe confusion about measure1l].ent theory, Streiner and
Norman (1995, pp. 186-7) mistakenly attribute, or at least seem to attribute,
Rasch measurement's advantages, such as scale-free measurement proper
ties, to IRT, and IRT's shortcomings, such as the need for large sample
sizes, to Rasch measurement. IRT models are not theories of scale-free
measurement because they incorporate parameters, intended to describe
item functioning, that "destroy the possibility of explicit invariance of the
estimates" (Andrich, 1988, p. 67; Wright, 1977a; Wright, 1984; Fisher,
1994), meaning that scale-dependencies can and do remain in data fitting
IRT models with 2 or 3 item parameters.
Regarding sample size, even one ofthe founders ofIRT, Frederic Lord
(Lord, 1983) recognized and accepted the value of Rasch models in the
analysis of small data sets, since large samples are often required for mul
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tiparameter IRT models' estimates to converge. Streiner and Norman also
are mistaken in claiming that data from "chained" questions, ones in which
responses to different questions are interdependent, cannot be modelled to
provide sufficient statistics because this kind of data violate the "assump
tion" oflocal independence. On the contrary, there is considerable interest
among Rasch theoreticians and practitioners injust these models (Linacre,
1991a; Linacre, 1991b; Verhelst and Glas, 1993).
In accord with the IRT perspective, both Streiner and Norman (1995,
p. 187), and McDowell and Newell (1996, p. 22), incorrectly view the
need for experimental tests of parameter invariance as an inconvenient
limitation. Both books try to justify abandoning Rasch's prescriptive mea
surement requirements in favor of other, less restrictive models that better
describe the data, when data do not provide sufficient statistics and so do
not fit the model specified.
IRT models parameters that abandon sufficiency and the prescription
ofmeasurement requirements, in favor ofimproved description ofthe data
at hand. O. D. Duncan (Duncan, 1984, p. 217), a sociologist and social
measurement expert with a long career in survey research, objects to this
approach, saying
In my view, what we need are not so much a repertoire of more
flexible models for describing extanttests and scales ... but scales
built to have the measurement properties we must demand if we
take 'measurement' seriously. As I see it, a measurement model
worthy of the name must make explicit some conceptualization-
at least a rudimentary one--of what goes on when an examinee
solves test problems or a respondent answers opinion questions;
and it must incorporate a rigorous argument about what it means
to measure an ability or attitude with a collection of discrete and
somewhat heterogenous items .... Thurstone explicated the mean
ing of measurement as it might accomplished by such an instru
ment. Rasch provided the formalization of that meaning.
The reasons for this contrast between IRT's focus on data description and
measurement theory's concern with data prescription are probably rooted
in the value that educational measurement has historically placed on con
tent validity (hence IRT's fitting ofmodels to data), which is not shared by
the mathematician's (Rasch) and the physicist's (Wright) valuation of con
struct validity (fitting data to models) (Fisher, 1994). Paraphrasing Michell
(Michell, 1990, p. 130), IRT models are another example of the general
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dislike in the psychosocial sciences for scaling methods that do not provide
a measurement solution when they are falsified by the data. Hopefully, the
growing interest in Rasch measurement is a sign that vulnerability to falsifi
cation may soon be deemed more of a virtue than a fault.

Why is objectivity in psychosocial measurement important?
The scientific advantages of objective measurement include data quality
assessment and improvement, scale-free and sample-free units of measure
ment, and universal metrics. Alongside the scientific advantages associated
with obj ective measures are several practical advantages. These follow prima
rily from the capacity of Rasch's models to take missing data into account.
Probabilistically modelled scale-free measurement standards make it possible
for every health measurement inforn1ation need to be met with numbers that
mean the same thing, within the error ofmeasurement, no matter which brand
instrument the measures come from (Cella, Lloyd and Wright, 1996; Fisher,
Harvey, Taylor, Kilgore and Kelly, 1995; Fisher, Harvey and Kilgore, 1995;
Fisher, Eubanks, and Marier, 1997; Fisher, 1997a; Gonin, Lloyd and Cella,
1996; Grimby, et aI., 1996; Segal, Heinemann, Schall and Wright, 1997; Tennant
and Young, 1997), and no matter which particular collection of calibrated
items is administered (Choppin, 1976; Fisher, Harvey, Taylor, et aI., 1995;
Lunz, Bergstrom and Gershon, 1994; Kelderman, 1986; Masters, 1985; Smith
and Kramer, 1992; Wright and Bell, 1984). No technical barriers prevent users
from adapting instruments to their needs in order to obtain with the greatest
efficiency the most reliable and relevant information possible. Instead ofadapt
ing our needs to the demands ofthe measurement technology, it is now possible
to adapt the measurement technology to our needs.

In adaptive measurement, a survey respondent, examinee, clinical ob
server, examiner, or computer selects items for administration based on
information concerning the intended application, special needs of the re
spondent, or the most efficient targeting of the instrument (Chopp in, 1976;
Esdaille, Shaw, Smith and Valgeirsdottir, 1994; Lunz, et aI., 1994; Reckase,
1989; Smith, et aI., 1994; Weiss, 1983; Weiss and Kingsbury, 1984; Wright
and Bell, 1984; Wright and Douglas, 1975). Given a set of calibrated items
presented in measure order, respondents or raters could be instructed to
provide at least some minimum number ofratings, with the understanding
that items irrelevant to the respondent's lifestyle, culture, or treatment needs
could be skipped, as could items representing tasks far too easy or difficult
for the person to perform. This procedure can be implemented using either
paper-and-pencil or computerized instruments, but it appears that the com
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putational advantages of networked, handheld devices will be crucial to
making adaptive measurement widespread.
There is another advantage of the use of calibrated item banks, one
related to the way in which the embodiment of crucial experiments in in
struments has been crucial to the creation of consistently manageable and
observable phenomena in the history of science (Bud and Cozzens, 1992;
Ihde, 1991; Price, 1986). Popular perceptions of the relation of science to
technology assume that technology is in some way a product of science.
Examination of the details of scientific practice reveals that the opposite is
more usually the case.
For instance, "thermodynamics owes much more to the steam engine
than ever the steam engine owed to thermodynamics," and "the chemical
revolution resulted much more from the technique of the electric battery
than from the careful measurements or new theories of Lavoisier" (Price,
1986, pp. 240, 248). In the same way, the widespread availability of stan
dard health status constants, embodied in universally-accessible comput
erized banks of calibrated items and expressed in scale-free, sample-free,
and variable-specific common metrics, could provide a focus in the theory
and practice of health care that could lead to significant new public health
advances, especially in the area of lifestyle-based preventive care.
Because each of the many diverse groups using functional assessment
data (Co stich, 1993) understandably want instruments that provide the level
of detail they find most convenient for their purposes, health care has be
come overpopulated with functional status and health status scales, each of
which measures in its own unit. This situation will need to change as medi
cal records become, first, computerized on centralized, hospital-specific sys
tems, and then transferred to decentralized, virtual patient records accessible
from any terminal in the world with a link to the global network; information
will have to be communicated via standardized content and structure if it is
to be understood by all potential users (Board of Directors of the American
Medical Informatics Association, 1994; ASTM Committee E-31 on Com
puterized Systems, 1996; Fisher, 1996, 1997c). If functional status mea
sures are to play any role in this context, it will be only insofar as general,
scale-free units ofmeasurement can be brought to bear. If the current array
of incommensurable health status measures were placed in that context,
they would probably cease to be of any use, and could possibly become
barriers to effective health care. The many existing successful applications
ofobjective psychosocial measurement's item banking and instrument equat
ing methods present a hopeful future for universal metrics of health status
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measurement.
Objective psychosocial measurement data quality standards also make
it possible to evaluate instruments in terms of the consistency of the data
they produce, the extent to which they are relevant to the population of
interest, and the range of error in which their measures must be inter
preted. If existing instruments produce relatively inconsistent ratings in
one or another area, new items can be developed to replace those introduc
ing the inconsistencies without making the old data incommensurate with
the new (Holm and Kavanagh, 1985; Wright, 1993; Wright and Stone,
1979). If a new instrument extends the range of measurement to include
persons with more extreme abilities or attitudes, the value of that instru
ment is made far more evident by equating it with existing instruments
than by correlating the old and new instruments' raw scores. In fact, if the
old instrument is seriously off-target, very low correlations might result,
and the new instrument might be mistakenly judged to measure a different
variable than the old. A new instrument might increase the specificity of
observations and lower measurement error accordingly.
One of the most recently developed practical advantages of Rasch
measurement concerns multifaceted models that adjust measures for varia
tions in raters' and judges' propensity to assign harsh or lenient scores
(Linacre, 1989; Linacre, 1995). It has long been recognized that judges can
introduce as much variation into examinees' scores as exists in the differ
ences among the examinees' abilities (Cason and Cason, 1984; Edgeworth,
1890; Linacre, 1989, pp. 6,21; Ruch, 1929; Ruggles, 1911). Even in the
best of circumstances, with well-trained raters and a carefully designed in
strument, agreement among judges on ratings is far from perfect (Borman,
1978; Linacre, 1989, p. 21).
Despite the lack ofagreement, judges are often remarkably consistent
in their ordering of item difficulties and person abilities (Lunz, Stahl and
Wright, 1996), making it possible to include variation in judge rating be
havior as a parameter in a Rasch model. Multifaceted models have been
successfully applied to measurement problems in several fields (Linacre,
Englehard, Tatum and Myford, 1994), including professional certification
(Lunz, Wright and Linacre, 1990; Lunz, et aI., 1994; Lunz, et aI., 1996;
Lunz and Stahl, 1993a; Lunz and Stahl, 1993b; Stahl and Lunz, 1996),
occupational therapy (Fisher AG, 1993, 1994b; Fisher AG, et aI., 1994a;
Fisher and Fisher, 1993), sports performance (Fisher PB, 1993; Fisher PB,
1995); public speaking (Tatum, 1991), aesthetic judgment (Myford, 1989),
medical clerkship evaluations (Fisher, Vial, and Sanders, 1997), and edu
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cation (Hess, 1995; Englehard, 1992; Myford, Marr, and Linacre, 1996;
Myford and Mislevy, 1995). Multifaceted Rasch models make it possible
to assess and improve the quality of data from any number of identifiable
but uncontrollable factors that consistently influence the outcome of the
measurement process. Experimental designs incorporating these models
can be expected to more clearly identify and remove sources of unwanted
variation, thereby better isolating and estimating treatment effect sizes.

How is objectivity in psychosocial measurement attained?
Standards organizations such as ASTM identify two basic phases in the
calibration of objective measurement systems (ASTM Committee E-11 on
Statistical Methods, 1992; Mandel, 1977; Mandel, 1978; Wernimont, 1977;
Wernimont, 1978), a practice known as metrology. The first of these phases
is intralaboratory calibration, corresponding to the methodological level of
objectivity described above, which tests the hypothesis that a single math
ematically invariant variable is measured by an instrument. The ex
tensive literature on Rasch measurement is focussed primarily on the
intralaboratory calibration of tests and rating scales. Accessible introduc
tory texts on Rasch measurement (Wright and Masters,1982; Wright and
Stone, 1979) can be combined with software (Wright and Linacre, 1995)
and thoroughly illustrated examples that make it easy for beginners to get
started. A promising new offering in this regard is Bond and Fox's (2001)
new book.
Attention is only just beginning to be focussed on the second phase in the
calibration of objective measurement systems, involving the social aspect of
objectivity. The possibility that the intralaboratory phase might not be the whole
story of objective measurement began to arise when a common construct was
noticed in separate calibrations ofthe physical disability subscales ofthe Patient
Evaluation Conference System (Harvey and Jellinek, 1981; Silverstein, et al.,
1989; Silverstein, et al. 1992; Kilgore, etal., 1993) and ofthe Functional Jnde
pendence Measure (Hamilton, Granger, Sherwin, et al., 1987; Heinemann, et
al., 1991; Heinemann, Linacre, Wright, Hamilton and Granger, 1993; Heinemann,
Linacre, Wright, Hamilton and Granger, 1994; Linacre, Heinemann, Wright,
Granger and Hamilton, 1994; Wright, Linacre and Heinemann, 1993). Subse
quent common sample equating ofthe two instruments showed that they could
measure in a common metric (Fisher, et al., 1995; Smith, 1998). Further re
search examining the variable structures of four instruments calibrated in eleven
separately-conducted studies produced an average correlation of .93 among the
item calibrations (Fisher, 1997a). A trial application ofAS1M interlaboratory
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precision assessment methods on a sample of these data (Fisher, 1997b) pro
vides further confidence in the likelihood of creating universal metrics for the
measurement ofphysical disability, and beyond that variable to others measured
using rating scale instruments.

What sufficiency looks like
Although a complete implementation ofa Rasch analysis cannot be devel
oped here, some ofthe basic concepts can be touched upon. Table 1 presents
some hypothetical data organized in Guttman's scalogram pattern, with the
data ordered vertically by the respondents' or examinees' scores, and hori
zontally by the items' scores. Because these data result in a pattern of over
lapping triangles of 1s and Os, they are conjointly ordered. The most difficult
item, with the lowest score, is the least likely to be succeeded on for any
person, no matter what their ability. Similarly, the easiest item, with the high
est score, is the one most likely to be succeeded on by any person. Con
versely, the person with the lowest score is the one least likely to succeed on
any item, and the person with the highest score, most likely. Both the person
and item scores are sufficient statistics since they allow reproduction oftheir
associated patterns ofresponses to within an error ofmeasurement (not esti
mated here).
The natural logarithm of the odds of success for the persons, and of
failure for the items, as shown in Table 1, expresses the measures and cali
brations in a common unit ofmeasurement. This makes it possible to interpret
a measure in terms of the likelihood of success on an item. For instance, a
person with a measure of0.00 logits, in the middle ofTable l's measurement
continuum, has about a 50-50 chance of success on the three items in the
middle ofthe scale, but a greater chance ofsuccess on the easier items (those
with calibrations lower than 0.00), and a lesser chance ofsuccess on the more
difficult items (those with calibrations higher than 0.00).
In addition to logit estimates ofperson ability and item difficulty, most
Rasch measurement software provides error estimates and model fit (statis
tical consistency, or data quality) indices for each person and item. Errors
are largely a function of the number of times the unit of measurement is
consistently repeated within the responses comprising a person's or item's
data. More items and rating scale categories result in lower errors of mea
surement, and more respondents result in lower calibration errors, in math
ematicallypredictablepatterns (Linacre, 1993; Woodcock, 1992).
The consistency established within the frame of reference shown in
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Table 1 also makes diagnosis of unintended events in the measurement
process possible. What if, for instance, one item's or one person's responses
varied between correct (1) and incorrect (0) randomly, with correct and
incorrect answers appearing equally often at both the easy and the difficult
ends of the scale? What if a person was succeeding on the most difficult
items and failing on the easy ones? What if the people with the lowest
scores were succeeding on a difficult item, and the people with the highest
scores were failing on it?
When data do not at least roughly conform to the pattern shown in
Table I, ambiguous questions, respondent misunderstandings, data entry
errors, or other factors are introducing inconsistencies into the data that
prevent the scores from being sufficient statistics. Such failures to realize
the intention to measure are not reasons for abandoning the measurement
effort, and the associated failure to fit a Rasch model with such data is not
ajustification for making do with a less exacting approach. Far from being
a failure of a Rasch model to work as it should, the detection of inconsis
tent and insufficient response sets is the first step in what usually turns out
to be successful clarification of what was previously confused.

Calculating /ogits
Table 1 also shows how raw scores are transformed from their original
nonlinear and scale-dependent state into linear and scale-free logit mea
sures. The logit is the log-odds unit, calculated by taking the naturalloga
rithm ofthe response odds. The natural logarithm is known as a two-stretch
transformation because, when applied to data distributed along a quantita
tive continuum, it pulls cases in the tails of the distribution further away
from the center than it pulls cases in the middle of the distribution. The
natural logarithm has e (2.718) as its base, and is often used in accounting,
demographic studies ofpopulation growth, and economics; the bel and the
bar are examples of logarithmic measurement scales. The term "two
stretch" refers to the way the log stretches out the tails of a distribution to
better display the proportionate value of changes at these extremes. Eco
nomic studies of income, for instance, frequently find the distribution of
their numbers clustered near zero and trailing off gradually toward very
large numbers; the log is used to adjust this skew.
The value of the natural log's two stretch transformation for medical
research is easy to appreciate via an example. Imagine two different experi
mental treatments that address two different clinical problems. 'lne first treat
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ment would reduce the incidence ofthe problem by one-halfofone percent,
from 50% ofthe population to 49.5%. The second treatment also reduces the
incidence of its associated problem by .5%, but in this case only I % of the
population is affected to begin with, so the reduction from 1 to .5% amounts
to a 50% reduction in the incidence of the problem, whereas the first treat
ment effects a reduction of only 1%. The second one-half of one percent is
clearly ofmuch greater value than the first, and the logarithmic transforma
tion makes that added value evident by the way it proportionately enlarges
unit size as the extremes ofthe distribution are approached.
Table 2 shows how the difference between logits varies across constant
differences between proportions. A difference of .0075 in the proportions is
equivalent to a logit difference of 1.4 at the extremes, but is only .03 logits
in the middle ofthe scale. Scale-free measurement incorporates these relaTable 1

Hypothetical data di~playing the conjoint order needed for parameter con
vergence and fit to a Rasch Model
Items
Easy or agreeable to hard or disagreeable
Pers

1

2

3

4

5

6

7

8

9

10

Scor

1
2
3
4
5
6
7
8
9
10

1

1
1
1
1
1
1
1
0
1
1

1

1
1
1
1
1
1
0
1

1
1
1
1
1
1
1
1
1
0

1
1
1
1
0
0
1
0

1
1
1
1
0
0
1
1
0
0

1
1
1
1
1
1
0
0
0
0

1
1
1
0
1
0
0
0
0
0

1
1
0
0
1
0
0
0
0
0

1
0
1
1
0
0
0
0
0
0

0
1
0
0
0
0
0
0
0
0

9
9
8
7
7
5
4
3
3
2

Item
Score
Scor2
P

9
1
.1

9
1
.1

9
1
.1

7
3
.3

6
4
.4

6
4
.4

4
6
.6

3
7
.7

3
7
.7

1
9
.9

1

1

P LogitMeas
.9
.9
.8
.7
.7
.5
.4
.3
.3
.2

2.20
2.20
1.39
0.85
0.85
0.00
-0.41
-0.85
-0.85
-1.39

Logit -2.2 -2.2 -2.2 -0.9 -0.4 -0.4 0.4 0.9
0.9 2.2
Calib
Scores are sums of the 1s and Os. In order to estimate the difficulty of the Items, the
score is converted into a count of the number of persons failing (Scor2). Proportions (P)
are the scores divided by the number of items for the persons, and by the number of
persons for the items (both are 10 in this example). The logit calibrations (Logit Calib)
and the logit measures (Logit Meas) are the natural logarithm of the odds (P/1-P) of
failure for the items, and of success for the persons. For more information, see Chapter
2 in Wright and Stone (1979, pp. 28-45), or Bond and Fox (2001 )..
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tive differences in the process of instrument calibration, and does not allow
them to be forgotten.
The calculations shown in Table I display how missing data is accounted
for in objective measurement. Because the number ofitems administered is
included in the denominator when calculating the proportions P, it can vary
across persons with no effect on the linearity ofthe unit ofmeasurement. The
number of items administered is also included in the error calculation, and
measurement errorrises as the number ofitems decreases.

Equating for universal metrics
For two or more instruments intended to measure the same construct, an
experimental test of the potential for equating can be undertaken ifit is possible to
code the data from each instrument to point in the same direction, so that a higher
rating means the same thing (typically, more functional independence, satisfac
tion, etc.) for the data from each instrument. Partial credit models (Wright and
Masters, 1982; Masters, 1982; McArthur, Casey, Morrow, et aI., 1992; Zhu and
Kurz, 1994) implementedby many ofthe available computerprograms (see above)
make it possible for the instruments to employ different numbers ofrating catego
ries. The number of categories might also vary across items within an instrument,
and even ifthe instruments or items do have the same number ofcategories, they
do not have to mean exactly the same thing, as long as they are consistently coded
so that a higher rating means more independence, for instance.
With this observational framework in place, then the instruments must
be used to produce data from a common sample ofpatients. Ifthere are more
Table 2

Logits from Proportions
Lo git

P TOpO rtion

.0025

-5.989

.9975

5.989

.01

-4.595

.99

4.595

.02

-3.892

.98

3.892

.05

-2.944

.95

2.944

Proportion

-

Logit

-

.10

-2.197

.90

2.197

.25

-1.099

.75

1.099

.49

-.040

.5 1

.040

.4 925

-.030

.5075

.030

.50

.000

.50

.000
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than two instruments, it is not necessary to administer all of them to every
patient, but each instrument must be linked to every other, ifnot through a
common sample then through common equating to a third set of items.
The data from each instrument must then fit a probabilistic measure
ment model and generate stable item scale values that can be set (anchored)
at their positions on the common measurement continuum. When data from
items that were not designed to fit a probabilistic model are analyzed in this
way, substantial problems in instrument quality often need to be addressed
before it is possible to move on to the creation of scale-free measurement
standards. Using scatter plots to study the relative performances of the
instruments on the common sample rated illuminates their respective quali
ties, which aids in evaluating their measurement characteristics and the quan
titative properties of the variable (Bland and Altman, 1986; Ottenbacher
and Stull, 1993; Wright and Masters, 1982).
When data from several instruments fit a common measurement model,
and so are shown to measure the same thing, then it is reasonable to treat all
ofthe items as coming from a single bank and to equate them on a common
metric. When the quality of this calibration is satisfactory, then the indi
vidual instruments' item scale values can be anchored at their cocalibration
positions to produce measures in the metric of the scale-free measurement
standard (Cella, et aI., 1996; Fisher, 1997a, 1997b; Fisher, Harvey, Taylor,
et aI., 1995; Fisher, Eubanks, and Marier, 1997; Fisher, Harvey, and Kilgore,
1995; Gonin, et aI., 1996; Segal, Heinemann, Schall, et aI., 1997; Tennant
and Young, 1997).

Moving into the future
These procedures are not difficult to implement, but are not yet widely
employed in classrooms, clinics, and research. If they were better known,
McDowell and Newell (1996, p. 80) would not have to lament the fact that
the development of ADL scales has been so uncoordinated. Many
scales have not been planned on a systematic review of the strengths
and weaknesses of previous instruments, and the definition of dis
ability itself is more often assumed than clearly stated. The applica
tion of these instruments does not seem to have led to a cumulative
understanding of the concept of disability, its relation to impairment
and handicap, or ofthe sequence in which changes in disability occur
as a patient's condition changes .... We still know relatively little about
the overlap among the various measurement methods, and the few
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comparative studies that exist mainly review the older scales.
These flaws can be corrected by exploring the extent to which various
functional status measures involve the same constructs, and so can be
cocalibrated, or equated. Cocalibration is a coordination ofexisting instru
ments that will elucidate theirrelative strengths and weaknesses; more clearly
define disability; accumulate a body of scientific knowledge on disability;
facilitate the study ofdisability in relation to impairment and handicap; and
improve communication about disability by providing a universal metric
that can function as a common currency for the exchange of quantitative
infom1ation.
It is often said that if you cannot measure, you cannot manage. In a
world where every brand of functional status instrument has its own idio
syncratic measuring unit, and few persons employing these instruments
have a grasp of, or are able to apply, scale-free amounts of functional sta
tus in their work, there is probably little actual measurement or manage
ment taking place. Successful applications of probabilistic measurement
models to functional assessment data introduce reasons for believing that
populations ofpersons with disabilities can be matched with relevant scale
free item hierarchies.

Research is progressing by identifying common hierarchies of similar
items from different instruments calibrated on different samples (Fisher,
1997a), as well as by evaluating data from two or more similar instruments
administered to a common sample (Cella, et a1., 1996; Fisher, Harvey, and
Kilgore, 1995; Fisher, Harvey, Taylor, et a1., 1995; Fisher, Eubanks, and
Marier, 1997; Gonin, et a1., 1996; Grimby, et al., 1996; Segal, Heinemann,
Schall, eta1., 1997; Tennant and Young, 1997; Zhu, 1996). Also in progress is
the drafting of a Proposed Standard Practice for Conducting an
Interlaboratory Study to Determine the Precision of a Psychosocial Test
Method (Fisher, 1997c), and an accompanying glossary ofmeasurement terms
(Fisher, 1996)\ both modeled after the ASTM E - 691 -92 standard practice
and its associated documents.
The vast majority of functional assessment data Rasch analyses to date
have been conducted in isolation from information on similar analyses of
similar instruments. This trend could continue until uniformities among
the item hierarchies is so obvious that not equating the instruments would
be foolish. On the other hand, if researchers would incorporate compari
sons of the results of their Rasch analyses with the results of prior work,
progress toward the goals spelled out by McDowell and Newell (1989)
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would accelerate. After all, can any claim to objective measurement that
does not result in systems for applying nonarbitrary scale-free metrics at
any given relevant point of use really be considered valid and complete?

Footnotes
I

2

3

Legend holds that in developing the method ofpaired comparisons and
coming so close to scale-free measurement, Thurstone stole fire from
the gods. In retribution they chained him to factor analysis (Lumsden,
1976).
Common item sets and sample sizes are not necessary for successful
fit to a Rasch model, but are assumed in this statement for the sake of
simplicity.
Both are available from the author on request.
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medical or surgical procedures by survey of physicians experienced in the
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service. The physicians select which of a pair of services from the group under
study represents the greater amount of physician work. When the results are
analyzed by Rasch method, the resulting measures (in logits) provide a scale
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in the group. In this way, a rank ordering of the services is accomplished that is
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work values to refine the assigned relative values for such services. The result
of applying this method to a series of spinal operations indicates that this
technique could be expanded to many other groups of related medical services,
with improved relative valuation of physician work.
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Introduction
The current state ofmeasurement ofphysician work, and the application of
Rasch analysis to such efforts is the topic of this discussion. Historically,
the value ofphysician work was included within the traditional pricing sys
tem as used until the late 1980s, and was simply based on a loosely knit
system of charges as determined by the providers of such services.
With the advent ofpublic funding for a large segment ofthe population
(Medicare) and the rapid changes in technology, health insurance and public
expectations, the demand for increasing services resulted in rates of growth
and expenditures that exceeded the rate of growth for both inflation and the
GNP. This led to government efforts to restrain the rate of growth in
services and expenditures which culminated in the development of a na
tional schedule offees for services to Medicare patients. The Medicare fee
schedule has now been adopted by a majority ofother payers for physician
services.
This was novel since it was designed to be based on the resource costs
for the three major categories ofany medical/surgical service, i.e., physician
work, practice expense, and malpractice expense. Each ofthese was con
sidered separately in developing a system of values that represented the
relative relationship of anyone service or procedure to any other service.
This system ofrelative valuation was applied to the resource cost required
to produce physician work, and for the first time, the profession was con
fronted with efforts to quantify their labor as a major determinant of what
they would be paid for Medicare services.
The components of work that were used as resource inputs include the
time to perform a service and the intensity of the service. In effect, the
intensity represents an estimate ofthe rate at which work is delivered during
an encounter. The product oftime X intensity thence represents a quantita
tive measure of work.
The problem with this construct, used since the inception of the Medi
care Fee Schedule in 1991, is that it depended heavily on quantitative esti
mates by physicians about the combined elements of time and intensity in
order to derive a relative value for any procedure. The initial data was
collected under a contract to the Health Care Financing Administration
(HCF A), which administers Medicare, by Prof. William Hsiao and a team
ofassociates at the Harvard School ofPublic Health in the late 1980's. The
project was limited to developing quantitative values for physician work
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that were relative to other physician services. The final product was to be
a system ofrelative values for all physician services that could be converted
to a dollar amount by application ofa dollar per unit conversion factor. The
project came to be known as the Resource Based Relative Value Scale.
Since there had been no previous effort to systematically measure physician
work, the Harvard group aggregated groups ofservices and procedures into
families that were related by a common feature and then used physician's
estimates ofthe magnitude ofwork ofthe services in each group relative to
a single reference procedure within the family. This method was applied to
procedures and services that were the more common ones in each specialty,
and with a variety of statistical tools, the results were extrapolated to several
thousand of the procedures then extant. This constituted the core data on
relative values for physician work as delivered to HCFA in 1991 which was
used for the Medicare fee schedule. (Hsiao, 1992).
Since that time, the medical community has labored to correct many
errors contained in the core data as well as subsequent adjustments and
additions to the fee schedule. The technique of magnitude estimation of
total physician work per procedure has continued as a primary tool used at
HCFA as well as the medical community. A national committee of the
American Medical Association (AMA) with representatives from all the major
specialty societies plus man~ non-physician provider organizations was
formed in 1991 to deal with the refinement of initial values as well as the
new and changed procedures that appear every year. This committee, the
AMA Relative Value Update Committee (RUC), uses the survey data to
develop new and revised work values that maintain reasonable relativity of
new procedures to existing values for related procedures. It has been difficult
as well as contentious at times, especially since Medicare has decreed that
all changes must be made within a budget-neutral limit of+/- $20 million in
anyone year. This constraint has created inter-specialty conflicts when the
impact of changes in one specialty exceeds the limit and requires negative
adjustments in other specialties.
A number of techniques have been tried to improve the accuracy and
objectivity ofthe work values in efforts at improving the fairness as well as
the reasonableness ofthe process. Analyzing a series ofprocedures that are
related to one another in a "family of procedures" has been used many
times to establish face validity of the ranking of their relative values with
some success. However, the assigned work values frequently do not meet
the same face validity for a variety ofreasons, including adjustments made
by Medicare for political purposes. This leaves procedures within a family
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that have work values that appear to be misvalued relative to their peers.
The prospect ofusing Rasch analysis to establish a more objective rank
order within a family ofrelated services appeared to offer a clear advantage
to this process. Use of paired comparisons of surgical procedures as the
input to a Rasch analysis ofphysician work is the topic ofthis paper.

Methodology
This method employs a pairwise comparison of the estimate of the
relative amount of physician work required for each member of a pair of
procedures as presented in a survey instrument (see Table 4). The pairs
represent defined surgical procedures and are displayed as a code number
from the American Medical Association Current Procedural Terminology
(CPT) coupled to the text description for each procedure.
Survey Design
Selection of the surgical procedures for survey is based on groups of
operations related by some common feature, such as the anatomic region,
the method ofdealing with a surgical problem or even a pathological feature
common to all the procedures. These procedure codes are placed in related
groups called "families". For this study, we chose twelve procedures that
deal with a family of spinal operations called laminectomy. (Table 1)
The design of the survey is based on matching each procedure code
against all the other codes at least once. Each such match constitutes a
single pair. The component procedures in the pair are identified separately
by an alphanumeric letter assigned to each code in the family. The list of the
procedures with their associated code number and an assigned alphanu
meric letter code is shown in Table 1.
A matrix is then generated that uses the alphanumeric letters to repre
sent the pairs matched against each other once. (Table 2) This matrix is
randomized to avoid systematic responses in the actual survey instrument.
(Table 3) The total number ofpairs to examine is determined by the actual
number of procedures in the family. In this case, there were 12 codes
dealing with a laminectomy. The formula to calculate the total number of
pairs so each code is paired once with every other code is 12 times (12-1)
divided by 2. In this case the number is 132/2 or 66 pairs. Table 4 shows
one of the three sheets of the survey with 22 pairs of codes that cover the
first group ofthe total 66 pairs in this study.
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In generating the survey instrument, it is impractical to request a survey
respondent to respond to more than 20-30 pairs, so we divided the survey
into three groups with each sheet containing 22 of the pairs. There is
sufficient representation of each code in each of the three separate groups
ofpairs to provide linkage across the three survey sheets.
Survey Process
The survey candidates were a group of neurosurgeons who were at
tending a convention on spinal surgery and were familiar with the proce
dures in this family. The survey sheets were provided at mid-day break and
collected after the break. One hundred sheets were handed out that include
approximately equal numbers of the three groups of pairs. A briefinstruc
tion was given before the sheets were distributed to remind the respondents
that this was a comparison of the relative amount ofwork and nothing else.
They were asked to mark the member of the pair that required more physi
cian work. Most of the respondents completed their survey sheet within
10-15 minutes. The responses that provided the basis for analysis were 58
completed survey sheets, with approximately 20 responses to each of the
three groups.
The survey data was entered as only two observations per pair. The
code with greater work received a "1" and the lesser code a "0". Missing
data were assigned a value that was equivalent to "ignore this response"
since the failure to respond when comparing members of a pair does not
equate to a "right or wrong" answer.

Results
The results from the survey about which code requires more work
were analyzed by Prof. Ben Wright (U. ofChicago ) using the Rasch method
applied to pairs and BigSteps. Table 5 is the output file ofBig steps (Linacre
and Wright, 1993) with the Rasch measures for each of the surveyed codes.
The Rasch measures and their relevant statistics are included in Table 5,
matched to each of the laminectomy procedure codes by both CPT code
and alphanumeric.
The survey produced 1276 independent paired comparisons ofphysi
cian work for this set of 12 laminectomy procedure codes. The Rasch
calibrations of the 12 codes approximated a statistically linear relation with
their existing Medicare values for work. (Chart!) In addition, the rank
order of the 12 codes based on the Rasch calibration reordered the position
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ofseveral ofthe codes within the family and revealed an apparent misvaluation
of several codes when compared to the Medicare work values.
One code in particular stood out, 63011, a Sacral Laminectomy which
represents an uncommon operation for removal of the bone from the back
of the lowest end of the spinal canal over the upper sacrum. The survey
respondents valued this above many other more commonly performed pro
cedures and changed its rank from lowest to third highest. (Chart 2) The
infit mean square of 1.2 and the outfit mean square of 1.3 are the highest
for either fit in the family of codes which suggests that this outlier behavior
may reflect lack of the raters ability to more accurately judge this code
against it's relatives in the family surveyed. It may also reflect a lack of
specificity in the description of the code that led to uncertainty about the
exact scope of the surgery.
In Chart 1, the Rasch measures were plotted against the existing 1997
Medicare Relative Value Units (RVUs) for work. The Rasch measures
were rescaled using a linear transform in order to permit a more standard
format for the scatterplot. A trendline was placed for the existing work
RVUs. Those work RVUs were then extrapolated to the trendline and the
intersects represent the new calculated work values as scaled to the Rasch
measures. Those plots to the left ofthe trendline would all increase in work
values while those to the right would decline. All but three of the codes fell
within the 95% confidence limits of the trend1ine, which supports the con
cept that the estimation ofwork by pairwise comparison of the work proce
dure codes can provide a linear abstraction of work that conforms to the
existing Medicare work values.
This demonstrates that this method permits a logical re-ordering of the
rank of each code in the set and how this translates to changes in the relative
values assigned. Several ofthe codes appear to have been misvalued, even
when previously surveyed, and a new rank order results from the applica
tion of this information from the study. This is shown in Chart 2, which
compares the work RVU s before and after application of the Rasch analy
sis results for each code.

Conclusions
The pairwise approach to generating estimates of item parameters is
based on considering the survey items two at a time, in pairs. Since the
Rasch model allows complete separation ofparameters, a pairwise approach
permits person scores to remove person parameters from the calibration
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procedure. Person (PAIR) parameters are cancelled by grouping persons
by their total score on each pair of items (CODES) and using the distribu
tion of choices within these score groups to estimate the differences in the
work of the two items. A particular advantage of using this model for
comparison ofpaired items is that it can be used to analyze data when some
of the data entries are missing in the survey that comprises the calibration
sample. This is useful when calibrating items into a bank of data from
samples in which survey respondents complete different forms that have
overlapping items that provide linkage across the samples. (Wright, 1982)
The survey oflaminectomy procedures has provided a valuation scale
for this family of codes that is much easier to construct than by the more
conventional survey ofthe elements of work, i.e., time and the components
ofintensity.
The fact that the responses from 58 surgeons fit together statistically
into one linear valuation for the 12 laminectomy codes demonstrates that
the raters exercised their judgement consistently when asked to express
their opinions about relative work through paired comparisons. We believe
that this affords a new method for identifying rank order anomalies within
families ofrelated codes, as well as promoting a more realistic relative valu
ation ofthose codes. With reliable relative values for several codes within
the family, it is possible to use paired comparisons to establish the relative
values for the rest of the codes measured without a survey of either time or
intensity. This is an attractive prospect in view ofthe amount of time, labor
and funding necessary to do conventional surveys to generate reasonable
work values. A method that provides an effective and fair determination of
the value of work performed by physicians is important in a payment sys
tem.
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CPT
Code
Descriptor
63011 Laminectomy/SACRAL REGION
63030 Laminotomy, ONE LEVEL FOR HERNIATED DISC, UNILATERAL, LUMBAR
63020 Laminotomy, ONE LEVEL FOR HERNIATED DISC, UNILATERAL, CERVICAL
63047 Laminectomy/COMPLETE DECOMPR.STENOSIS, LUMBAR, ONE LEVEL
63005 Laminectomy/EXPUDECOMP CORD &lOR CAUDA EQUINA,1 OR 2 SEGS, LUMBAR
63001 Laminectomy FOR EXPLORATIONIDECOMP CORD, 1 OR 2 SEGS, CERVICAL
63017 Laminectomy/EXPUDECOMP. LUMBAR CORD OR CAUDA EQUINA, > 2 SEGS
63016 Laminectomy FOR EXPLORATION/DECOMP. THORACIC CORD, > 2 SEGS
63045 Laminectomy/COMPLETE DECOMPR.STENOSIS, CERVICAL, ONE LEVEL
J
63015 Laminectomy FOR EXPLORATION/DECOMP. CERVICAL CORD, > 2 SEGS
K
63040 Laminotomy FOR DISC, ANY LEVEL, EXTENSIVE OR RE-EXPLORAT, CERVICAL
L
63042 Laminotomy FOR DISC, ANY LEVEL, EXTENSIVE OR RE-EXPLORAT, LUMBAR
Excerpts from Cu"ent Procedural Terminology (CPT), ®American Medical Association (1999)
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Chart 1
Paired comparisons: laminectomy
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This report describes two types offindings: (a) the consistency between two major
cognitive tests in terms oftheir developmental scales based on item-response theory,
and (b) the initial development of ideas and methods for the revival of the classic
concept of ratio IQ.
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The ratio IQ (e.g., Stanford-Binet, 1937) was formed by the division of mental
age (derived from test performance) by chronological age multiplied by 100. Fol
lowing a multitude of criticisms about the scaling qualities of the ratio IQ, it was
mostly abandoned by the major intelligence batteries, beginning with the Wechsler
scales in the 1940's, in favor of standard scores. This study presents a new ap
proach to age equivalence scores as a basis for mental age, and the calculation of
ratio IQ, based on Rasch-model item response theory.
The new ratio IQ was compared statistically with standard-score IQ (mean
100, SD 15) from the Leiter International Performance Scale-Revised (Leiter
R) and from the Woodcock-Johnson Psychoeducational Battery-Revised (WJ
R). The essential element of the new ratio IQ is the W-scale, a Rasch-based score
employed in the WJ-R and in the Leiter-R. Mental age was estimated from the W
scale estimate of ability and chronological age from a W-scale age equivalence for
each month of age. Statistical results showed a highly similar growth curve for the
W-scale scores on the Leiter-R and the WJ-R, even though the two scales have
different content and standardization samples. Also, high correlations were found
between the new ratio IQ and standard-score IQ (e.g., correlations ranging from
.87 to .95 depending on age range). Criterion-related evidence of validity was
found in the correlation of .82 between the new ratio IQ and the Wechsler Intelli
gence Scale for Children-Third Edition (WISC-III) standard-score IQ and in
correlations with achievement-test scores. Finally, the ratio IQ showed predict
able mean differences between groups of children with typical cognitive ability,
cognitive delay levels of performance and giftedness. The standard deviation of
the new ratio IQ was somewhat variable across age groups, however, so new inter
pretive guidelines would be needed if the new index is to employed in published
tests. Implications of the scaling methods are discussed.

INTRODUCTION
Embretson (1996) summarized the advances in item-response theory
(IRT) that have led to a series of "new rules of measurement." For ex
ample, "meaningful scale scores are obtained from IRT trait-score estima
tion? that provide an interpretive link to actual skills of the subject as
compared to conventional norm-referenced scales that allow only group
comparisons. With IRT scaling of items, the meaning ofthe IRT score can
be directly linked to the types of items the subject is likely to master.
Although these claims are not new (e.g., development of IRT methods
began more than 40 years ago), Embretson's point, and the point of the
present paper, is that these methods have now been subjected to years of
scrutiny by researchers and have finally reached a higher degree of scien
tific acceptability. With this foundation of greater acceptability may come
a greater proliferation of scaling applications, e.g., in types of scales and
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methods used in clinical and educational assessment.
Beginning with the pioneering work of Binet and Simon (1905, 1912),
and adapted in North America by Terman (1911; Terman & Childs, 1912;
Terman & Merrill, 1937), the concept of intelligence has often been de
fined as a complex but global capacity to reason and solve problems. With
the earliest measures of intelligence, global capacity was reflected in per
formance on items ofincreasing difficulty, graded by age level (Terman &
Merrill, 1937). Thus, intelligence was intimately connected to age and an
underlying "developmental progression;" hence the use of the concept of
"mental age (MA)" and "intelligence quotient (IQ)" formed by a ratio of
mental age to chronological age (CA). The original development of the
concept of "ratio IQ" is usually attributed to Stern (1914) who suggested
that the division of mental age by chronological age would be more uni
form across age groups than the simple difference between the two ele
ments of the formula. In practice, the mental age was determined from the
basal mental age (age at which all items of that age-level were correctly
answered), plus fractional points (month of age) for each additional item
correct until a ceiling of consistent failed items was obtained. Chrono
logical age was the literal age in years and months, and the ratio (MA
divided by CA) was multiplied by 100 to obtain the ratio IQ. The unifor
mity of ratio IQ across age groups was verified, empirically, by Terman
and Merrill (1937, p. 40) showed that the standard deviations ofratio IQ
among age groups from 2 to 18 years averaged approximately 16 points on
the Stanford-Binet Forms Land M.
Over the years, the ratio IQ has been subjected to a wide range of
psychometric criticisms. Concerns about the inconsistencies of the stan
dard deviation ofratio IQ across age groups have been comrron, and were
recognized openly by Terman and Merrill (1937) in connection with the
standardization of Forms Land M. By the 1950's, measurement experts
began to form a consensus on the superiority of standard scores, perhaps
because of their consistency in variability across age groups. By the time
the Third Edition of the S-B (Terman & Merrill, 1960) was published, IQ
was redefined as a standard score (mean 100, SD 16), and the ratio IQ
abandoned.
One of the criticisms of the ratio IQ, that chronological age did not
form an equal-interval scale, was a particularly strong objection. With
modern item-response theory scaling of intelligence scales, it may now be
possible to create both chronological age scales and mental-age scales with
excellent, equal-interval scaling properties. As Wright and Stone (1979),
Embretson (1996) and others have noted, the Rasch ability estimates form
scales that conform to the rules of fundamental measurement, e.g., the ad
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ditive property. For example, on the W-scale (Woodcock & Dahl, 1971),
a 10 point difference between item difficulty and person ability has exactly
the same meaning up and down the ability scale.
For these reasons, the present study examined the scaling properties
of the Rasch-based "W-scale" and proposes a new type of ratio IQ. Data
from two recent national standardizations ofcognitive batteries was exam
ined to simulate the use of a new ratio IQ.

METHOD
Subjects
Subjects for the study were the 1,719 children and adolescents in the
normative sample of the Leiter-R (Roid & Miller, 1997). Ages ranged
from 2 years, 0 months to 20 years, 11 months, with approximately 100 to
180 subjects at each year of age, and most subjects were tested in 1995.
Demographics ofthe sample closely matched the u.S. Census proportions
(1993 Census Update, u.S. Bureau of the Census, 1993), with equal pro
portions ofmale and female and stratification by region, ethnicity and pa
rental education level. About 33% of the sample was from non-majority
ethnic background. In addition to the normative sample of the Leiter-R,
approximately 700 children with disabilities or special classifications (e.g.,
speech impairment, cognitive delay, giftedness, ADHD or learning dis
abilities) were tested as part ofthe validity studies for the Leiter-R. Ratio
IQ data were also available on these cases, providing a total combined
sample of 2,408 subjects (both normative and Special-groups). Roid and
Miller (1997) provide details of the demographics of these groups. In ad
dition, a subset of 124 subjects were administered both the Leiter-R and
the Weschler Intelligence Scale for Children-Third Edition (WISC-III;
Wechsler, 1991). Also, a subset of63 subjects were administered the Leiter
R and either the Woodcock-Johnson Achievement Tests (WJ-R) or the
WRAT-3, for purposes of providing IQ vs. achievement correlates.
For the WJ-R, the normative sample included 6,359 subjects, ages 2
to 90, in over 100 geographically diverse U.S. communities. Subjects were
randomly selected within a stratified sampling design that controlled for
10 specific community and subject variables (see Woodcock & Johnson,
1989) such as region, community size, gender, ethnicity, education and
occupational level. For the school-aged portion of the sample (over 4,000
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subjects), data was gathered continuously from September, 1986 to April,
1988.

Instruments
Subjects were administered the new Leiter-R Visualization and
Reasoning Battery, consisting of 10 subtests which generate an esti
mate of non-verbal "g" in the form of a briefIQ estimate (based on 4
subtests) or a Full-Scale IQ (based on 6 subtests). Reliabilityesti
mates of the IQ scores ranged from .88 to .90 for the briefIQ and .91
to .93 for the Full IQ, depending on age range. Ratio IQ estimates
for each of these IQ scores were examined. Extensive reliability and
validity (content, criterion and construct) evidence for the battery
was presented in Roid and Miller (1997), including a correlation of
.86 with WISC-III Full Scale IQ for the Full Scale Leiter-R.
Data on the standard battery of the WJ-R was employed, containing 7
subtests and Broad Cognitive Ability scores. The Broad Cognitive scores,
equivalent to general ability scores had reliabilities in the range of .905 to
.979 across various age groups. Similarly, the manual for the WJ-R (Wood
cock & Johnson, 1989) contains extensive data on reliability and all fonns
of validity evidence. Strong evidence of construct validity was presented
by Woodcock (1990) employing confinnatory factor analysis across the
WJ-R, Stanford-Binet, WISC-R and other tests.

Procedures
Extensive studies of the fit of the data from both test batteries were
conducted. Studies offit to the one-parameter logistic (Rasch) model were
conducted over a period of years, employing the BIGSTEPS program
(Wright & Lineacre, 1995) or its earlier editions. Items identified as
misfitting the model were revised or discarded (very few such items) in the
Tryout or Standardization editions of the Leiter-R. Evidence of model
data-fit to the Rasch model were compelling (e.g., overall chi-square of
205.9 vs. 208 degrees of freedom for the items of the brieflQ scale), and
described in more detail in Roid and Miller (1997).
Following the final calibration of Rasch item-difficulty values for
the scales, a special method of age-equivalence determination was con
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ducted. Rasch scores were converted from log units ("Iogits") which ap
pear similar to "z-scores," to "W-scores" with a mean of 500 centered at
the beginning of 5th grade (10 years, 4 months). The transformation of
scores is from the linear formula, W = L * 9.1024 + 500. Following the
analysis of all normative data, the mean scores for all age groups (based on
subgroups of 50 or more subjects having similar age in months) were cal
culated on the W-scale. Mean W-scale values for all age groups were
plotted and smoothed values determined from best-fit polynomial regres
sion lines through the mean values. Thus, refined W -score values were
obtained from fitting a quadratic regression line to the progression of mean
values for groups of children divided into subgroups based on each month
of age from 24 months to 251 months. The smoothed values provided age
equivalence scores on the W-scale, using the traditional method of age
group mean-scores employed by most cognitive batteries including WISC
III (Wechsler, 1991).
A second, experimental method of estimating age-equivalence scores
was also employed on the Leiter-R data (not the WJ-R at this time). This
"Rasch calibrated age equivalence" was calculated as follows, using the
BIGSTEPS program. Age "scores" were created with dummy variables.
For example, if a child were 3 years old, would receive a coded "score" of
"1" for the 2-year item, and a "1" for the 3-year item, with all others (e.g.,
from years 4 through 20) equal to "0." These dichotomously coded"dummy
age variables" form a perfect Guttman scale, and, consequently fit the Ra
sch model (nearly too well). When these dummy variables were linked to
the standardization calibrations of the Leiter-R using the BIGSTEPS pro
gram (Wright & Lineacre, 1995), the "locations" of each age on the W
scale of Rasch item difficulty could be determined. [Note. The calibrations
of all Leiter-R cognitive items were conducted separately, to form the IQ
scales, and then, as a separate step, the dummy age "items" were linked to
the scale for purposes of establishing relative position of each year of age
on the W-scale]. To verify the age-year locations on the W-scale, the
calibrated values ofthe dummy variables were compared to the previously
developed age equivalences determined from mean W-scores for each age
group in the normative sample. The conventional age equivalents were
nearly identical to the Rasch Calibrated Age Equivalent values, except for
the very lowest (age 2) and very highest values (age 20), which were esti
mated to have more extreme magnitude by the BIGSTEPS program, prob
ably because of "end effects" artifacts in the data processing. The W -scale
age-equivalents derived by conventional age-group means were then em
ployed as "chronological age estimates" for each of the 2,408 subjects in
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the Leiter-R study, for purposes of the new ratio IQ examined in this
study. In the same way, conventional age equivalent W-score values for
the WJ-R (obtained from the published test manual) were employed for
the 4,000+ subjects in the WJ-R study.
Estimates of "mental age" were derived from the W-scale values of
global ability scores. These estimates were based on two alternative non
verbal "g" measures derived from the Leiter-R, a brief-IQ score employ
ing 4 subtests or a Full-Scale IQ score employing 6 subtests, in accordance
with directions in the Leiter-R test manual (Roid & Miller, 1997). For the
WJ-R, the Broad Cognitive W-scores were employed (BCA-Early De
velopment Scale for ages 2 to 9 and BCA-Standard Scale for the older
subjects). Ratio IQ values were then obtained by dividing chronological
age (the W -scale age equivalent ofthe age in months of each subject) into
the mental age (either the brief form or the Full-Scale form). The quanti
ties of MA divided by CA were multiplied by 100 to form the ratio IQ
estimates.

RESULTS
Statistical results show a high level of consistency between the de
velopmental age curves for global ability on the WJ-R and Leiter-R. The
curves (Figures 1 and 2), which plot the age:group means in the two nor
mative samples, begin at a W -scale value of approximately 425 for age 2
(24 months) and progress in the same relative curvature until an asymptote
at approximately 520 is reached in the late teen years (about 200 months).
Distributions of the new ratio IQ in the entire normative sample of
the Leiter-R (VR Battery; N = 1,719), employing the Full-Scale IQ in its
W-scale conversion. The mean of 99.4 is slightly below the ideal 100
expected, and the standard deviation is 10.55. This distribution (Figure 3)
could be easily transformed to a mean of 100 and an SD of 15 to match
other IQ batteries. The shape of the distribution shows approximate nor
mality, but with a high peak near the mean and "narrow shoulders" on each
side of the distribution. Distributions (not shown) for the BriefIQ ratio on
the Leiter-R and for new ratio IQ formed from the WJ-R were similar in
approximating the normal curve, with a similar peakedness. The WJ-R
distribution had less narrow "shoulders." The ratios showed some differ
ences in standard deviation among age groups.
Figure 4 shows the correlation (r = .95) and scatter for the new ratio
IQ (Leiter-R, based on 4 subtests) and the Leiter-R standard-score BriefIQ
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for ages 6 to 20. The correlation is quite linear, and any departures can be
noted by the age of the subject (year of age used as the plotted symbol).
The correlation for young children, ages 2-5, on the Leiter-R was lower,
however, at .89 with departures from linearity especially for the youngest
2-year olds.
To explore the validity of the new ratio IQ, correlations between the
Leiter-R and the Wechsler scales (WISC-III) was explored. Figure 5 shows
the correlation (r = .82) and scatter between the Wechsler Full Scale IQ
(form WISC-III) and the Leiter-R Ratio IQ, based on 6 subtests and N =
124 subjects. Also, correlations between IQ and achievement were calcu
lated on two samples of convenience (N = 30, N=33). Subjects were se
lected at random from field-hospital records of children who were being
tested in the normative sample of the Leiter-R. Compared to conventional
IQ, correlations between ratio IQ and achievement (Woodcock-Johnson
Revised Broad Reading and Math) were nearly identical in both samples.
For example, the correlation between conventional Full Scale IQ (standard
scores) and Broad Reading was .67, compared to .70 for the new ratio IQ.
For Broad Math, the correlations were .63 for standard-score IQ and .66
for the new ratio IQ.
Figures 6 shows the histogram of the means among typical and spe
cial validity groups on the new ratio IQ for the Leiter-R. Groups include
typical, speech and hearing impaired, motor impaired, Traumatic Brain
Injury, cognitive delay, ADHD, gifted, two types of Learning Disabilities,
and two types of low-income English-as-Second-Language groups. The
lowest group means were for cognitive delay and the highest for gifted, as
expected, and the pattern of means matched the pattern found for conven
tional, standard-scores.

DISCUSSION
The IRT method of scaling employed in two published tests revealed
a surprising consistency in the shape of the "developmental curve" be
tween ages 2 and 21, suggesting that global ability may follow a distinct,
predictable pattern across age groups that is particularly clear in the
metric of IRT scaling. The same IRT scale can, thus, be used to assess
growth and "expected progress in development," or recovery of function
following brain injury, for children and adolescents.
The new ratio IQ shows promise in having consistent criterion and
construct-related evidence of validity at the same level as standard-score
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IQ. The distribution of the index appears to be slightly more peaked and
kurtotic than conventional IQ. Differences between a short-form IQ and a
longer form were also observed, and there was some evidence that the
ratio IQ shows different scaling values for young children (age 2) in some
cases, perhaps due to floor effects on conventional IQ. With variations in
standard deviation still present (as has been traditionally found with ratio
IQ), transformations within age groups may be necessary. More research
on the promising new metric ofIRT-based ratio IQ is needed.
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Figure 2. Curve of mean W-scale Broad Cognitive scores by
month of age for the WJ-R normative sample (ages 2.21).
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Figure 6. Histogram of mean experimental ratio IQ among
11 criterion groups in Leiter-R validity studies:
110

PRIME

oTypical children in normative sample
1 speech impaired
2 hearing impaired
3 motor impaired and multi-handicapped
4 traumatic brain injury
5 cognitive delay (retardation)
6ADHDfADD
7 Gifted
8 Learning disabllity-nonverbal
9 Learning disability-verbal
10 English-as-second Language-Spanish; Low SES
11 ESL-Other, recent immigration to U.S.
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Biologic Patterns of Disability
Carl V. Granger
Richard T. Linn
State University of New York at Buffalo, NY

We describe the use of a mathematical/statistical method (i,e., Rasch analysis) to elucidate
biological patterns ofdisability present in the functional ability of persons undergoing medical
rehabilitation. Two measures chosen for illustration are the FIMTM Instrument for inpatients
and the Body Movement and Control (BMC) measure for outpatients. In order to meet the
assumptions necessary for application oflinear statistics to clinical measurement studies,
Rasch analysis was used to transform ordinal scales into linear measures, Another unique
feature of Rasch analysis is that it allows evaluation ofthe difficulty ofitems and the abilities
ofpersons being tested, separately, on the same metric, Also, the difficulty represented by
each item may be arranged along a hierarchy from easy to hard, The hierarchies offunctional
ability items are dependent upon the specific patt~rns of disability related to underlying
pathophysiology, For inpatients, initial analyses of the 18 items of the FIM Instrument
demonstrated separate hierarchies for the 13 motor items and for the 5 cognition items,
Subsequent analyses demonstrated five distinct patterns for the 13 motor items of: brain
dysfunction, orthopedic conditions, pain conditions, ambulatory spinal cord dysfunction, and
wheelchair users with spinal cord dysfunction, Two patterns were identified for cognition:
stroke with right body hemiparesis and all others, For outpatients, the BMC measure of
physical functioning is used to demonstrate that pathophysiologic conditions are expected to
affect the hierarchial pattern of items differently. This was noted to be the case for persons
with lower body dysfunction, low back pain, and neck pain / upper limb dysfunction. Based
upon the item responses, sitting, reaching and standing appear to represent items most useful
for discriminating between the three conditions in temlS of the functional consequences.
Rasch analysis, among other advantages, enables investigation of the subtle relationships
among items and is a useful method to evaluate underlying biological patterns ofdisability,
A clinician, using a map that shows the expected relationships between item scores, may
observe that a particular patient matches or does not match the expected pattern, Such
insights may help the clinician in monitoring the responses of the patient to treatment efforts.

Requests for reprints should be sent to Carl V. Granger, State University of New York at
Buffalo, NY, Department ofRehabilitation Medicine, 3435 Main St., Bffalo, NY 14214
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Over the past 15 years, the measurement offunctional outcomes has gained
ascendance as an important aspect of assessing quality of care in medical
rehabilitation. For some clinicians, measurement of functional outcomes
has become an end in itself. The increase in focus on functional outcomes,
although promoting advances in the field ofmedical rehabilitation, has turned
attention away from an equally important endeavor, that ofconnecting pat
terns offunctional outcome to the underlying pathophysiological process(es)
which produced the disabling condition.
In this chapter, we describe the use of a statistical method (i.e., Rasch
Table I
FIMl'M Instrument Items and Scoring Levels
FIM
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.
13.
14.
15.
16.
17.
18.

Items
Eating
Grooming
Bathing
Dressing-Upper Body
Dressing-Lower Body
TOileting
Bladder Management
Bowel Management
Transfers: Bed, Chair, Wheelchair
Transfers: Toilet
Transfers: Tub or Shower
Locomotion: WalkfWheelchair
Locomotion: Stairs
Comprehension
Expression
Social Interaction
Problem Solving
Memory

FIM Item Scoring Levels
NO HELPER
7
Complete Independence
6
Modified Independence

HELPER
5
Supervision or Setup
4
Minimal Assistance
3
Moderate Assistance
Maximal Assistance
2
1
Total Assistance
©1996 Uniform Data system for Medical Rehabilitation, a division of UB Foundation
Activities, Inc. Reprinted with permission of the Uniform Data System for Medical
Rehabilitation.
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analysis) to elucidate biological patterns of disability present in the func
tional ability ofpersons undergoing medical rehabilitation. Before describ
ing the application ofRasch analysis to this problem, we first provide a brief
introduction to the measurement scales employed in this research. We then
describe some of the important characteristics of Rasch analysis. Finally,
we tum to the central theme ofthe chapter by providing specific examples
ofbiological patterns of disability associated with specific types ofpatho
physiological impairment.

The Functional Independence Measure
The Functional Independence Measure (FIMTM) instrument is an 18
item ordinal scale that is used to describe an individual's independence in
performing functional activities required to support basic aspects of daily
living (Guidefor the Uniform Data Set for Medical Rehabilitation, 1996).
Each of the 18 items is evaluated and scored on the same 7 -level scale,
ranging from a score of " 1"(Total Assistance) to "7" (Complete Indepen
dence). See Table 1 for a listing ofthe FlM items and scoring levels. FlM
total scores, derived by summing the 18 individual items, range from 18 to
126; a total score of 126 represents the highest level ofindependence (Guide
for the Uniform Data Set for Medical Rehabilitation, 1996). FIM data, in
addition to being represented in terms of a total FIM score or summation of
the 18 items, may also be described in terms of a 13-item motor FIM score
and a 5-item cognitive FlM score.
The FlM instrument was designed to provide a minimal set of items
necessary to measure a person's need for assistance in performing basic
living skills, with assessment of both the need for assistive devices and in
terms of need for assistance from another individual (i.e., burden of care)
(Guide for the Uniform Data Set for Medical Rehabilitation, 1996). In
the inpatient rehabilitation setting, the FlM instrument is used widely to
measure severity of disability and to quantify the effectiveness and out
comes ofmedical rehabilitative care (Deutsch, Braun, and Granger, 1997).
Previous work has shown that the FIM instrument has good reliability, as
well as high face validity, construct validity and predictive validity (Deutsch,
Braun, and Granger, 1996).

Body Movement and Control (BMC™) Measure ofthe Medical
Rehabilitation Follow-Along (MRF A®; LIFEware System SM )
The FlM instrument, while well-suited for evaluation ofinpatient reha
bilitation patients, is not sensitive to the functional changes present in per
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Table 2

Body Movement and Control (BMC) Measure
Number of Scoring Levels

Item
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.

Walking
Climbing stairs
Getting up from a low seat
Kneeling-bending
Standing-30 minutes
Reaching-eye level
Sitting-30 minutes
Lifting
Traveling
Personal care

6
4
4
4
4
4
4
6
6
6

©1996 Uniform Data system for Medical Rehabilitation, a division of UB Foundation
Activities, Inc. Reprinted with permission of the Uniform Data System for Medical
Rehabilitation.

sons in the typical outpatient setting. For example, outpatients usually do
not require the assistance of another person for personal care activities on a
daily basis, and as a result demonstrate ceiling e\fects when evaluated with
the FIM instrument. The principal conditions seen in medical rehabilitation
outpatient settings include low back pain, lower body dysfunction, or neck
pain/upper limb dysfunction, and are distinctly different from the conditions
present for individuals on inpatient units.
This situation has led to the development ofthe Medical Rehabilitation Fol
low-Along (MRFA®; LIFEware SystemSM), a functional assessment measurement
system useful in the outpatient setting. The MRFA was developed to measure six
major domains ofimportance to the evaluation ofrehabilitation outpatients: physi
cal functioning, cognitive functioning, affective well-being, pain experience, role
functioning, and productivity (Baker and Granger, 1997).
Germane to the discussion ofbiological patterns of disability is the Body
Movement and Control scale (BMC) of the MRFA, which assesses physical
functioning. The BMC scale has 10 items and is depicted in Table 2. Ofthe
10 items, six are assessed on a 4-level scale and the remaining four items are
assessed on a 6-level scale. The BMC scale was calibrated for patients with
musculoskeletal problems without cognitive deficit who may also be experi
encing considerable pain and/or affective distress. The scale is based upon
self-report but in some circumstances is assessed by having the clinician
interview the person.
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Rasch Analysis
Raw scores obtained from the FIM instrument and the BMC scale,
which are ordinal scales, are unlikely to meet the assumptions necessary for
the application of linear statistical analyses including correlation and regres
sion. The problem lies with the fact that the distances between pairs of
adjacent scores for items on an ordinal scale are typically not equal. For
example, if one were to assess the relationship between item scores for an
ordinal measure of size, it would be difficult to say that the distance be
tween "big" and "bigger" is exactly the same as the distance between "big
ger" and "biggest". This problem would not arise if a continuous interval
scale were being used. For example, on a ruler the difference between I
inch and 2 inches is exactly the same as the difference between 5 inches and
6 inches. Since the distances between adjacent scores on ordinal scales are
not equal, the assumptions necessary for application oflinear statistics are
not met.
One potential method to address this issue is to use Rasch analysis to
transform arbitrary, non-linear scores from ordinal scales into non-arbitrary,
linear measures (Wright and Stone, 1979). The Rasch model assumes that
the probability that a person will answer an item correctly (or, in the case of
the FIM instrument, is able to perform a particular activity with the speci
fied degree of independence) is the product of two separate parameters: a
parameter pertaining only to the difficulty of the item, and a parameter
relating only to the ability of the person (Loevinger, 1965). Rasch-con
verted measures are expressed in mathematical units called "logits." With
respect to a person's ability, logits represent the probability or natural log
odds for success on items of the kind chosen to define a "zero" point on the
test or scale (Wright and Stone, 1979). Similarly, the' difficulty of an item
expressed in logits is its natural log odds for failure by persons with "zero"
ability (Wright and Stone, 1979). The spacing between logits is equal, and
therefore ordinal scales which are transformed to logits using Rasch analysis
may be treated as linear and meet the assumptions for the application of
parametric statistical analysis and arithmetic calculation.
Thus, Rasch analysis provides, as output, measures that may be ana
lyzed using linear statistics. In addition, and ofperhaps greater relevance to
the current discussion, Rasch analysis also provides methods to investigate
relationships among test items. The Rasch approach is unique in that it
allows evaluation ofthe difficulty of items and the abilities ofpersons being
tested, separately, and on the same metric. Once the difficulty ofeach item
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is established, a hierarchy may be constructed, with items arranged along a
continuum from relatively easy to more difficult.
It is important to note in passing that for any test or rating scale, there will
be persons who either pass all of the items or fail all of the items. Rasch
analysis, which generates estimates ofperson-ability parameters, discards these
"perfect" observations from the data set, since the ability level of such per
sons is not being adequately measured by the scale. In the analyses which
follow, the reported sample size represents the numbers ofsubjects who were
originally entered into the analysis, prior to screening for "perfect" scores.

In the work to follow, we show how Rasch analysis ofFIM and BMC
item scores may be used to obtain hierarchical patterns of the expected
"difficulty" of the items in relation to each other. At the core of our ap
proach is the hypothesis that the item hierarchies derived from Rasch analy
sis reflect hierarchies among the functional activities being described by the
items. These hierarchies of functional abilities, in tum, are dependent upon
the specific patterns of disability relating to underlying pathophysiology.
Therefore, it was anticipated that specific biological patterns of disability
would have specific patterns of item difficulty as derived from Rasch analy
sis ofFIM items. An examination of some of these biological patterns of
disability in specific patient samples follows.

Profiles ofBiologic Patterns of Disability: Application
of Rasch Analysis to the FIM Instrument
In this section we report on biologic patterns ofdisability associated with
specific types of impairment. Prior to that discussion, we present a brief
description ofhow Rasch analysis was applied to obtain these results.
FIM data were obtained from a random sample ofapproximately 1,000
patients from each of 19 impairment groups from the 1994 Uniform Data
System for Medical Rehabilitation (UDSMRSM) data set. These data in
cluded, where available, admission, discharge, and follow-up FIM scores.
Using scores from across the continuum of rehabilitation ensured that a
wide distribution of raw FIM scores would be present. Each of the 19 sets
of data was then subjected to Rasch analysis using the BIGSTEPS com
puter program (Wright and Linacre, 1996), with motor and cognitive items
analyzed separately. This initial series of Rasch analyses established the
logit value of each item in the FIM instrument for the 1000 individuals in
each of the impairment groups. Results from each analysis were plotted
and visually inspected. When the hierarchical pattern offunctional activi
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ties for one impainnent group was substantially similar to that from another,
the data from the two impairment groups were combined. This process
continued until five distinct hierarchical patterns were identified for the FIM
motor items: 1) Brain Dysfunction (include traumatic brain injury, non
traumatic brain injury, and stroke); 2) Orthopedic and related conditions; 3)
Pain Conditions; 4) Spinal Cord Dysfunction-Walkers (for patients with
traumatic or nontraumatic spinal cord conditions who were walking at dis
charge); and 5) Spinal Cord Dysfunction-Wheelchair Users (for patients
with traumatic or nontraumatic spinal cord conditions who used a wheel
chair at discharge). Two patterns were identified for the cognitive items:
Stroke with Right Body Hemiparesis, and All Others.
Once these primary motor and cognitive patterns were identified, logit
values were anchored using the logit values calculated from the combined
group. Admission, discharge, and follow-up item scores were then sub
jected to separate Rasch analyses. The BIGSTEPS parameters were set to

FIMSM Item Scores
100

Converted to FIMits (Range 0-100)

90

_MOTOR
80

- •

'COGNITION

,

70
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50
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2

3

4
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6

7

Figure 1. Scoring levels for FIMTM items after Rasch analysis and conversion
to FIMits for the motor and cognition domains. Note that FIM Levell, reflecting
Total Assistance, converts to 0, and FIM Level 7, reflecting Complete
Independence, converts to 100. FIM Level 4, reflecting Minimal Assistance
and located in the middle of the range of levels, is set in the Rasch analysis to
equal 50.
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calibrate the measure at its midpoint, which we set to 50 to produce a
measure range ofapproximately 0 to 100. Logit values of "easy" items and
persons with lower ability ranged from just less than 50 to minus infinity,
whereas logits of "difficult" items and persons with higher ability ranged
fromjust greater than 50 to positive infinity.
Beyond calibrating the hierarchy of difficulty among items in the scale,
we sought to 1) identify the distance between levels ofassessment for differ
ent impairment group patterns, and 2) to convert the Rasch output in logits to
a scale reflecting the proportion ofmaximum level. For the FIM instrument,
the maximum raw score level is 7, so this raw score was converted to a
Rasch-transformed maximum value of 100. Similarly, since the lowest pos
sible raw score on any FIM item is 1, this score was assigned, through Rasch
transformation, the value ofO. All of the other FIM raw item scores were
then converted to Rasch-transformed values which ranged from 0 to 100.
For sake of convenience, a 0 was plotted in the figures which follow as a 2,

Stroke Cognition Items
Converted to FIMits (Range 0-100)
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Figure 2. Rasch item difficulty hierarchies for items from the FIMTM cognition
domain for individuals with stroke affecting the left side of the body (depicted
on the right side of the figure) and individuals with stroke affecting the right side
of the body (depicted on the left side of the figure). Each side of the figure
includes data from admission to rehabilitation, discharge from rehabilitation,
and post-rehabilitation follow-up.
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since a 0 score does not display well on a graph.
An example of this conversion of raw item scores to Rasch-transformed
values is shown in Figure 1. Note that for both the motor and cognitive conver
sion, the midpoint ofthe raw scale (value = 4) is set at the value of50 following
Rasch conversion. A higher value represents an easier level. Rather than labeling
these units ofmeasurement "logits", we have labeled these Rasch-transformed
values as "FIMits." FIMits, or Rasch-transformed values of FIM raw item
scores, are used in all of the illustrations of specific disability patterns which
follow. Note that higher FIMit values reflect items which are easier.

FIM Cognition Patterns Following Stroke
In Figure 2, the mean values of the five FIM cognition item scores (i.e.,
Comprehension, Expression, Memory, Problem Solving and Social Integra
tion) for admission, discharge and follow-up of stroke patients are plotted.
The scores of patients with left body hemiparesis are plotted on the right
side of the figure, and scores of patients with right body hemiparesis are
plotted on the left. Within each side of Figure 2, items with the highest
scores at admission (i.e., "easiest" items) are plotted first (i.e., at the left
side of the plot), and are plotted in descending order thereafter.
As expected in the rehabilitation setting, the scores for each item increase
from admission to discharge, and from discharge to follow-up. These increases
reflect the influence ofrehabilitation interventions,as well as the natural recov
ery process on cognitive ability indicators. Ofprimary importance to the cur
rent discussion, however, is the presence ofa definite hierarchical sequence of
score values which decreases from left to right. The hierarchy for the right side
ofFigure 2 indicates that comprehension and expression are easier for patients
with left body hemiparesis than are memory and problem solving. Note that the
item hierarchy differs for left body and right body hemiparesis. For left body
hemiparesis, the hierarchical sequence of the items from easy to difficult for
admission scores is: comprehension, expression, social interaction, memory,
and problem-solving. Analysis of the right-body admission values yields a
slightly different hierarchical sequence from easy to difficult: social interaction,
comprehension, expression, memory, and problem-solving.
The results from the Rasch analysis depicted in Figure 2 demonstrate that
for stroke patients with left body hemiparesis (i.e., right hemisphere brain
involvement), problem-solving and memory are the most difficult cognition
items. Stroke patients with right body hemiparesis (i.e., left hemisphere dys
function) also demonstrate the most difficulty on admission with problem
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Orthopedic Cognition Items
Converted to FIMits (Range 0-100)
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Figure 3. Rasch item difficulty hierarchies for items from the FIMTM cognition
domain for individuals with orthopedic conditions, including data from admission
to rehabilitation, discharge from rehabilitation, and post-rehabilitation follow
up.

solving and memory. However, note that the values ofexpression and com
prehension on admission for the right body strokes are lower than the similar
values for left body strokes, in a pattern that would be!expected for patients
with left brain involvement and some degree ofaphasia.
Of interest in Figure 2 is the plot of the percent maximum scores for
right body hemiparetic strokes at follow-up. Compared to discharge from
rehabilitation, comprehension is now the easiest item while the score for
expression remains virtually the same. This result may reflect the clinical
observation that, on average, aphasic patients regain verbal or non-verbal
comprehension abilities sooner than they regain verbal or non-verbal abili
ties.
FIM Cognition Patterns for Orthopedic Patients
The plots of Rasch-converted measures of FIM Cognition items for a
sample oforthopedic patients are shown in Figure 3. Again, the values have
been converted to FIMits, and scores for admission, discharge, and follow-up
from rehabilitation are shown separately. As in Figure 2, items have been
arranged so that items with the higher (easier) converted scores at admission
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were placed on the left side ofthe figure. As with the stroke sample, the item
scores increase from admission to follow-up. Note that the hierarchy ofitem
score values differs slightly from that depicted previously for stroke patients
with left body hemiparesis (See Figure 2). Although problem-solving and
memory remain as the most difficult items, for the orthopedic patients the
expression item is easier. Expression is probably easier for the orthopedic
group than it is for the stroke group because it is fairly atypical for orthopedic
patients to have significant language disturbance.
One question that arises, however, is why the orthopedic group has
problems with items measuring problem-solving and memory? There is no
reason to expect, on the basis of the biology of orthopedic problems, that
such individuals would show concurrent cognitive impairment. In fact, it
was expected that the majority of orthopedic patients would reach a ceiling
for these cognitive items. Recall, however, that Rasch analysis deletes pa
tients with "perfect" scores (i.e., those who perform at the upper and lower
ends on the scale). Therefore, the pattern depicted, with orthopedic pa
tients demonstrating difficulty on cognition items, likely reflects only those
orthopedic patients who had cognitive impairments.

Cognition Items
Stroke-Right Hemiparesis vS.!AII Others
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Figure 4. Rasch item difficulty hierarchies for items from the FIMTM cognition
domain, comparing individuals with stroke affecting the right side of the body to
all other rehabilitation conditions.
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Inspection ofthe Rasch hierarchies for the FIM cognition items yielded
only two primary patterns: Stroke with Right Hemiparesis, and All Others.
Essentially, Rasch analysis ofthe cognition items indicated that stroke pa
tients with right hemiparesis formed a unique group, while all other impair
ment groups tended to have substantially similar results. In Figure 4, FIM
cognition item scores for stroke patients were averaged across admission,
discharge and follow-up and converted to FIMits. The purpose of this fig
ure is to contrast the expected hierarchy of score values for persons with
right body hemiparesis (on the bottom) with that ofpersons with all other
conditions (on the top). Here, the actual values are not important, but it is
the relationship between the higher to lower scoring items thlit should be
noted. For all the other conditions, the hierarchical sequence from higher to
lower is expression, comprehension, social interaction, memory and prob
lem-solving. For persons with right body hemiparesis, the sequence is dis
tinctly different: social interaction, comprehension, expression, memory
and problem-solving. Patients with right body hemiparesis have left brain
dysfunction, and therefore have a higher likelihood of a language distur
bance (aphasia). From this biologic perspective, it is reasonable to expect
that stroke patients with right hemiparesis (and aphasia) would have corre
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Figure 5. Rasch item difficulty hierarchies for items from the FIMTM motor
domain, comparing individuals with Spinal Cord Dysfunction who walk at
discharge to individuals with Spinal Cord Dysfunction who use wheelchairs at
discharge.
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spondingly lower expression and comprehension values in comparison with
their value for social interaction.
FIM Motor Patterns
As indicated previously, Rasch analysis yielded five primary hierarchi
cal patterns for the FIM motor patterns. Figure 5 demonstrates the patterns
ofRasch-converted motor measures associated with two ofthese patterns:
Spinal Cord Dysfunction-Walkers and Spinal Cord Dysfunction-Wheel
chair Users. The patterns for the remaining three patient groups (Brain
Dysfunction, Orthopedic Conditions, and Pain Conditions) are shown in
Figure 6.
From a biological standpoint, it was considered extremely likely that those
individuals with spinal cord dysfunction who could walk at the time of dis
charge must have some residual sensory and/or motor nerve conduction along
the lower spinal cord. Therefore, it was anticipated that these "Walkers"
would generally have higher motor function scores for items associated with
use of the lower body than patients who required wheelchairs at discharge.
This pattern does emerge in Figure 5. For the "easiest" functions of eating,
grooming, and dressing-upper body, the two lines run closely parallel, indi
cating that the same hierarchical pattern is present for both types of spinal
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Figure 6. Rasch item difficulty hierarchies for items from the FIMTM motor
domain, comparing individuals with Brain Dysfunction, Orthopedic Conditions,
and Pain Conditions.
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cord patients. However, the hierarchy differs between the groups for some of
the items which follow, suggesting a distinct biological pattern for each group.
For example, for the wheelchair users the bowel and bladder items are more
difficult than the transfer to bed item. In contrast, the reverse pattern holds
true for the walkers (i.e., the bowel and bladder items are easier than the
transfer to bed item). This pattern is consistent with expectation, since per
sons with spinal cord dysfunction who are able to walk must have some intact
innervation ofthe lower body, increasing the probability of concurrent inner
vation to the sphincters.
As an aside, it is interesting to consider the possible range of biologic
patterns for individuals who use wheelchairs at discharge. Although some
ofthe individuals in this group may have "complete" and permanent disrup
tion of spinal cord nerve conduction, and therefore will never be able to
walk, it is also likely that this group contains some individuals with "incom
plete" spinal cord dysfunction who as yet have not progressed t01he stage
of walking. Through further study of the output from Rasch analysis, it
may be possible to identify the subgroup of individuals who do eventually
walk. It is anticipated that for these individuals, the Rasch-produced bio
logic pattern of FIM motor item scores should not fit well with the expected
pattern of Rasch output for those with "complete" spinal cord disruption.
In Figure 5, note that for the wheelchair users, the line peaks upward
(crossing that ofthe walkers) for the locomotion: walking/wheelchair item but
then descends sharply for the locomotion: stair climbing item. This pattern
reflects both the biology ofthe disability and the manner in which these FIM
items are scored. In particular, the locomotion: walking/wheechair item re
quires the individual to traverse a distance of 150 feet across a level surface.
Ifthe patient is a walker at discharge, then the ability to ambulate is assessed
with the patient beginning in a standing position. In contrast, ifthe patient is a
wheelchair user at discharge, this item is assessed with the patient in the
wheelchair. It is not unexpected that a spinal cord injured wheelchair user
might find it easier to travel 150 feet across a level surface than a spinal cord
injured patient who attempts to walk the same distance. This pattern reverses
for the stairs item, indicating that traveling up and down stairs represents a
significant impediment to wheelchair users that is not as great for those spinal
cord injured patients who walk.
Figure 6 demonstrates the three remaining motor item hierarchies for
the Brain Dysfunction, Orthopedic, and Pain groups. Interestingly, although
iterative processing during Rasch analysis suggested three patterns, the re
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suIting patterns are only moderately different among the conditions. Pa
tients with brain dysfunction expectedly have lower overall function com
pared with the orthopedic and pain groups. Note that across all groups, on
average, eating is easiest and stair climbing is hardest.

Application ofRasch Analysis to an Outpatient Instrument:
Body Movement and Control (BMC) Measure
ofthe Medical Rehabilitation Follow-Along™ (MRFA TM)
During the development of the MRFA system, Rasch analysis was ap
plied to groups ofitems as an aid in determining whether or not items fit along
a unidimensional scale. One ofthe resulting scales, Body Movement and
Control, was developed using this approach (Baker and Granger, 1997).
Figures 7 through 10 explore patterns on the Body Movement and
Control measure (BMC) evident in persons experiencing physical disability
seen as outpatients. Using the BIGSTEPS program, Rasch analysis was
performed on the BMC responses of several hundred individuals seen in
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Figure 7. Rasch item difficulty hierarchies for items from the Body Movement
and Control measure of the MRFA® instrument (LIFEware SystemSM ) for
individuals with lower body dysfunction.
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Figure 8. Rasch item difficulty hierarchies for items from the Body Movement
and Control measure of the MRF A ® instrument (LIFE ware SystemSM ) for
individuals with low back pain.
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Figure 9. Rasch item difficulty hierarchies for items from the Body Movement
and Control measure of the MRF A ® instrument (LIFEware SystemSM ) for
individuals with neck pain/upper limb dysfunction.
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outpatient settings. The methodological approach taken was generally the
same as that described above for analysis ofthe FIM instrument. However,
one difference in the analysis afforded by outpatient data was the availabil
ity of repeated measures for patients across outpatient visits. Therefore,
initial measures were first calibrated separately from subsequent measures
for the same individuals. This was done to assure that the logit values and
associated item hierarchies did not change even though the raw scores in
creased from initial to follow-up visit. Once it was demonstrated that the
item hierarchies did not differ, initial data were combined with follow-up
data.
The results of Rasch analysis showed that three distinct biologic pat
terns emerged for the BMC measure. These three patterns have been
labeled Lower Body Dysfunction; Low Back Pain, and Neck Pain/Upper

Body Movement & Control:
Three Patterns of Physical Dysfunction
Converted to Range 0-100
• Lower Body Dysfunction

o Low Back Pain
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Figure 10. Rasch item difficulty hierarchies for items from the Body Movement
and Control scale of the MRF A® instrument (LIFEware SystemSM ) comparing
three items (sitting for 30 minutes, reaching at eye level, and standing for 30
minutes) across three impairment groups (lower body dysfunction, low back
pain, and neck pain/upper limb dysfunction). The left side ofthe figure highlights
item patterns in terms of each impairment group, while the right side of the
figure depicts the same information in terms of impairment group patterns for
each item.
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Limb Dysfunction. Figures 7, 8, and 9 depict the item value standards for
the BMC scale for each ofthese patterns, respectively, as Rasch converted
measures with range of 0 to 100. Remember that some of the BMC raw
items are evaluated on a 4-level scale, while other items are based on a 6
level scale. Translating the raw scores into Rasch converted measures al
lows direct comparison between these scales despite the differences in scaling
of raw scores.
The hierarchical pattern for the Lower Body Dysfunction group is dis
played in Figure 7. For this group, sitting is easier and standing is more
difficult, with walking approximately in the middle with respect to degree of
difficulty. The hierarchy of item difficulties is similar to what would be
expected based on the underlying biology: activities such as standing, kneeling
and climbing stairs tend to be the most difficult for individuals with lower
body dysfunction, whereas individuals with lower body dysfunction do not
find sitting to be difficult.
Figure 8 demonstrates how this pattern differs for individuals with low
back pain. Note in particular the relative location ofthe Sitting item. Whereas
for the Lower Body Dysfunction group sitting was easy, those with low
back pain find sitting for 30 minutes to be one of the more difficult activi
ties. In general, for individuals with low back pain, the sitting, kneeling and
standing activities are the most difficult. It is also interesting to note that
individuals with Low Back Pain tend to have less difficulty with personal
care and with reaching at eye level.
The Rasch item hierarchy for individuals with Neck PainlUpper Limb Dys
function is displayed in Figure 9. Here, the most difficult items are those involv
ing use of the upper limbs, such as activities associated with lifting and with
reaching at eye level, while activities involving the lower limbs, such as climbing
stairs or rising from a low seat, are relatively easy. The Sitting item is now in the
approximate center on the easy-to-difficult continuum, whereas it was at the
difficult end for the Low Back Pain group and the easy end for the Lower Body
Dysfunction group. This suggests that Sitting is one ofseveral items which may
discriminate best among the three impairment patterns.
Evaluating Figures 7-9 together, it is interesting to note that the item
scores suggest that, on average, persons with low back pain experience the
most difficulty overall. In particular, individuals with low back pain tend to
score less than 70 on 9 ofthe 10 items, while persons with neck pain and/or
upper limb dysfunction experience the fewest difficulties because they tend
to score less than 70 on only 1 of 10 items. Persons with lower body
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dysfunction tend to score less than 70 on 6 of 10 items. This pattern is
consistent with clinical observations: patients with low back pain tend to be
the most involved overall and have the greatest difficulty with performance
offunctions of daily living.
Figure 10 shows the contrasting patterns of function for lower body
dysfunction, low back pain, and neck pain and/or upper limb dysfunction
by focusing on three items from the BMC: 1) sitting for 30 minutes, 2)
reaching at eye level, and 3) standing for 30 minutes. These three items
were chosen because they distinguish most clearly among the three condi
tions. The grouping of 3 column sets to the left of the graph and the
grouping of 3 column sets to the right display the same information but
with different perspectives. A higher item score indicates that the item is
relatively easy, while a lower item score indicates that the item is relatively
difficult. Thus, sitting is easier for individuals with lower body dysfunction
and neck/upper limb dysfunction, while it is more difficult for those with
low back pain. Reaching is easy for people with lower body dysfunction
and low back pain, while it is slightly more difficult for individuals with
neck/upper limb dysfunction than are sitting and standing. Standing is diffi
cult for those with lower body dysfunction and low back pain, while it is
easy for people with neck/upper limb dysfunction.
Conclusion
Patterns ofperformance among items assessing functional status must
reflect, in whole or in part, underlying biologic relationships. Rasch analy
sis, in addition to providing a method to analyze ordinal scales with tradi
tional parametric statistics, enables investigation ofthe subtle relationships
among items, and is a useful method to evaluate underlying biological pat
terns ofdisability.

In the present chapter, biological patterns ofdisability have been shown
to exist among the items on the Functional Independence Measure instru
ment and the Body Movement and Control measure of the MRF A. The
FIM instrument is a measure of the amount of independence a person
shows in the performance of basic personal care activities in terms of the
need for human assistance and is, concurrently, a measure of burden of
care. There are two patterns for the 5-item FIM cognition measure, one for
persons with stroke with right body hemiparesis (affected by aphasia), and
another pattern for persons in all of the other impairment groups. Five
patterns are evident for the 13-item motor measure from the FIM, two for
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persons with spinal cord dysfunction (walkers versus wheelchair users),
and one for stroke and other brain dysfunction, one for orthopedic and
similar conditions, and one for conditions associated with chronic pain.
Three patterns emerged for the BMC scale from the MRF A, a measure
of physical functioning. Individuals with the low back pain pattern are
expected to have greater difficulty with sitting and standing. Those with
lower body dysfunction are expected to have greater difficulty with items
reflecting use ofthe lower limbs. Finally, those with dysfunction ofthe
upper body and neck are expected to demonstrate greater difficulty on ac
tivities involving reaching and lifting.
The foregoing discussion lends credence to the idea that functional sta
tus scores provide insight into underlying pathophysiology. Once the ex
pected pattern of relationships among items has been identified for each
specific impairment group, it becomes possible to evaluate how well indi
vidual patients "fit" with the expected pattern. For example, once the item
pattern for low back pain has been established, the clinician can then map
the item responses ofindividual low back pain patients against the expected
pattern, and determine how well the two patterns match. If a particular
patient's responses are mostly unexpected, further assessment and diagnos
tic testing may be appropriate to help determine why there is a mismatch.
For example, a mismatch may occur because additional, as yet undiscov
ered, pathology is present. If, on the other hand, there is a good match
between the patient's response pattern and the expected pattern, the clini
cian may have greater confidence that the proposed clinical intervention is
appropriate and fits well with the underlying disability.
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FIM Levels
as Ordinal Categories
John M. Linacre
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Data collected on rating scales have generally been analyzed without verifying that the
scales have functioned as intended. The FIMTM levels are precisely conceptualized and
meticulously defined. Their effective empirical functioning as ordinal categories merits
continual monitoring. Ordinality implies that each succeeding level represents a higher level
of functioning. Further, as a patient improves in functioning each ordinal level in tum is
expected to be observed. Taking advantage of the clarity of Rasch theory, guidelines are
suggested that prompt the analyst to investigate whether the rating categories are cooperating
to produce observations on which useful measurement and prudent inference about patient
status can be based.
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The perfonnance levels used in conjunction with the items of the FIMTM
Instrument (Guide for the Unifonn Data Set for Medical Rehabilitation,
1993) have been carefully defined to correspond to seven levels ofpatient
functioning (Figure 1). The design of a rating scale involves compromise.
Considerations include:

- - Latent Variable - 
Figure J. FIMTM levels from a measurement perspective.

a) How many categories can be defined?
A scale ofpercentages immediately presents 101 ordered categories (0 
100%). Percentages are often reported with 2 decimal places, raising the
number ofdefined categories to 10,000. Scales defined using semantic indi
cators, such as Likert's "Strongly Disagree", "Disagree", "Neutral", "Agree",
"Strongly Agree" are limited in the number of ordered categories by vo
cabulary considerations. For instance, for the FIM, one can imagine defin
ing another level between "Minimal" and "Moderate", such as "Slight" or
"Some", and also another between "Moderate" and "Maximal" such as
"Considerable" or "A Lot".
b) Do more categories lead to better measurement?
Most statistical analysis of rating scale data treats the numbering ofthe
ordered categories as though it represented a perfectly precise linear scale.
From this perspective, the more levels that are defined for a rating scale the
better, but ordered categories are not equally spaced (linear) nor are they
perfectly precise. The reason for defining more than two categories ("Yes"/
"No", "Present"!"Absent") is to obtain more infonnation from each item.
More categories does not always imply more infonnation. Weighing one
self to the nearest ounce does not imply a more infonnative measure than
weighing oneself to the nearest pound. But reporting one's weight to the
nearest ounce misleads the reader into thinking that a weight change of as
little as an ounce has substantive implications.
c) How many categories can be discerned?
This criterion is the limiting one. Statisticians can recommend the con
struction ofa scale with many ordered categories. Experts can define them.
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But can respondents discern them? Adding more intermediate categories to
the FIM is mathematically (in terms ofpercentages) and semantically pos
sible, but would they add noise or information? Indeed, how effectively are
the current set of categories working to produce measures of functional
independence?

Ordered Categories Misunderstood as Linear Measures
Conventional analysis and reporting ofrating scales assumes, without any
verification, that the scale is acting as a linear measurement system. Consider,
as an example, a typical published paper in another field: "Each essay was
rated on a 6-point holistic scale by two readers ... The mean scores across all
ratings was 3.4. The standard deviation was .94" (Mitchell and Anderson,
1986). In that paper, no further information is given about the structure of the
scale. The reader must assume the categories were numbered 1 to 6, with 6
indicating more ofsome attribute, probably skill ofwriting. The definition of
each category is not provided, so it is unclear what level ofskill 3 .4 represents.
No comment is made about the functioning or quality ofthe rating scale itself.
For instance, it may have been so obtusely defined that no occurrences of "2"
or "5" were observed. Similarly, the categories may have been defined in such
a way that, to the raters, category "3" represented the same (or higher) level of
skill as category "4" (Roberts, 1994).
The non-linearity of rating scales and their ordinal properties have
been discussed elsewhere (Michell, 1990). This paper addresses the prac
tical concern ofverifying and, ifnecessary, improving the ordinal structure
of rating scales from which it is intended that Rasch measures will be con
structed (Rasch, 1960; Wright and Masters, 1982).

Rasch Measurement Models for Rating Scales
Following the path blazed by Andersen (1977) and Andrich (1978),
Wright and Masters (1982) propose a family ofmeasurement models based
on rating scales and other polytomous structures. This family continues to
expand (Andersen, 1995). Though some polytomous observations are in
tended to represent multidimensional systems (Fischer, 1995), an essen
tial function of observations on a rating scale is that they represent levels
(more or less) of just one attribute. "Rating scales use descriptive terms
relating to the factor in question" (Stanley and Hopkins, 1972, p. 290).
This factor is also known as the "latent trait" or "variable".
A basic Rasch model for constructing linear measures from observa
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tions on an ordinal rating scale is:
log ( Poik / Poi(k-l) ) = Bo - Di - Fk
where

(1)

POik is the probability that person n on encountering item i would be
observed in category k,
POi(k-l) is the probability that the observation would be in category k-J,
Bo is the ability, (attitude etc.), ofperson n,
Di is the difficulty of item i,
Fk is the impediment to being observed in category k relative to cat
egory k-J , i.e., the kth step calibration, where the categories are num
bered, for analytic convenience, 0, m.
This and similar models not only meet the necessary and sufficient
conditions for the construction of linear measures from ordinal observa
tions (Fischer, 1995), but also provide the basis for investigation of the
operation of the rating scale itself. The Rasch parameters reflecting the
structure ofthe rating scale, the step calibrations, are also known as thresh
olds (Andrich, 1978).
The investigation of rating scale operation centers on fit analysis. In
this context, fit analysis has a different objective from that prevalent in the
application of descriptive statistics. Most social science statistics texts
limit themselves to the use of fit statistics as an aid to model selection.
The data are treated as sacrosanct. The use of fit statistics in industrial
quality control, however, has a different motivation. The model is estab
lished. The purpose of the fit statistics is to screen the data so that only
values which fit usefully well to the model are accepted. It is this accep
tance-testing approach (Fisher, 1973), that is followed here.

A Philosophy of Rating Scale Functioning
The FIM scale has seven levels. These are printed equally sized on
the response form (see Table 1). The intention is to convey to the respon
dent that these categories are ofequal importance and require equal atten
tion. They are also considered of equal substantive size in terms of the
underlying variable along which they are to form a clear progression.
Further, they exhaust the underlying variable.
From a measurement perspective, the FIM scale has a different ap
pearance (Figure 1). The rating categories still form a progression, and
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also exhaust the underlying variable. The variable, however, is conceptu
ally infinitely long, so that the two extreme categories are infinitely wide.
However well a patient performs, we can always posit one who performs
yet more independently, i.e., exhibiting more ofthe latent variable. The size
ofthe intermediate categories depends on how they are perceived and used
by the clinicians. Changing the description ofa middle category from "Su
pervision" to "Watching" or "Guidance" or "Presence" will change the
amount ofthe underlying variable it represents, and so its size as depicted in
Figure 1.
To support the construction ofmeaningful and generalizable linear mea
sures, the rating scale must generate observations that accord with a Rasch
measurement model, such as (1). This requires the observations to manifest
a stochastic element, so that the probability of observing each category is
greatest where that category is modeled to occur on the latent variable, but is
always a possibility at any point on the continuum. Figure 2 shows probabil
ity curves for each category of a typical 5 category Likert scale that accords
with Rasch model specifications (Wright and Masters, 1982, p. 81).
In practice, data do not conform exactly to Rasch model specifications,
or those of any other ideal model. "For problem solving purposes, we do
not require an exact, but only an approximate resemblance between theo
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Figure 2. Category probability curves for a 5 category Likert scale.
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Table 1
FIMFM Levels
7
6

Complete Independence
Modified Independence (Device)

Modified Dependence
5 Supervision
4 Minimal Assist (Subject = 75%+)
3 Moderate Assist (Subject = 50%+)

No Helper
Helper

Complete Dependence
2 Maximal Assist (Subject = 25%+)
1 Total Assist (Subject = 0%+)

retical results and experimental ones" (Laudan, 1977, p. 224).
For measurement purposes, the challenge then becomes to ascertain
that the rating scale observations conform reasonably closely to a Rasch
model similar to that graphically depicted in Figure 2. When such confor
mity is lacking, the analyst requires notification as to the specific nature of
the failure in the data, and guidance as to how to remedy that failure in these
or future data.
Once it is appreciated that how the variable is divided into categories
affects the quality ofmeasures, the problem ofcategorization comes to the
fore. Mathematically it can be proved that, when data fit the Rasch model,
there is one best categorization to which all others are inferior (Jansen and
Roskam, 1984). In 1987, Wright suggested guidelines for combining cat
egories in order to improve overall measure quality (Wright and Linacre,
1992). Fit statistics, step calibrations and other indicators have also been
suggested as diagnostic aids (Linacre, 1995; Andrich, 1996; Lopez, 1996).

The Heuristic Analysis of Rating Scale Observations
At this point we set aside the linguistic aspects of category definitions
(Lopez, 1996), taking for granted that the FIM levels realize a clearly de
fined, substantively relevant, conceptually exhaustive, ordered sequence.
We consider solely the numerical information that indicates to what extent
the data support the construction of Rasch measures and so objective infer
ence. The description of the characteristics of an ideal rating scale, pre
sented above, suggests an explicit procedure for verifYing useful functioning
and diagnosing malfunctioning in an empirical scale.
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Consider the FIM ratings of a random selection of 407 patients with
spinal chord dysfunction. These are summarized in Table 2 which is ex
cerpted from the output of the WINSTEPS Rasch analysis computer pro
gram (Wright and Linacre, 1997). Results for three ofthe 13 FIM motor
items are shown, as well as for all 13 motor items. These results are not
intended to be clinically definitive, but are only to illustrate measurement
methodology.
Guideline #1: At least 10 observations ofa category.

Consider Item A, Eating, in Table 2. In the Rasch model, each step
calibration, Fk' is approximately the log-ratio ofthe frequency of adj acent
categories, adjusted for measurement context. When category frequency is
low, then the step calibration is imprecisely estimated and, more seriously,
potentially unstable. The inclusion or exclusion of one observation can
noticeably change the scale structure.
For Item A, there are only ten observations ofFIM level 3. Omitting
one of these ten observations could change the step calibration by more
than .1 logits, (more than .2 logits for one of 5). If each item is defined to
have its own rating scale, as in Table 2, this would also change the item
difficulty by .1Im, when there are m+ 1 categories and so m steps. For
many datasets, this value would exceed the model standard error of the
estimated item difficulty based on 100 observations. Consequently, the
paradox can arise that a sample large enough to provide stable item diffi
culty estimates for less informative dichotomous items (Linacre, 1994) may
not be sufficiently large for more informative polytomous items.
When FIM items are used on patient populations with special charac
teristics, levels which were not observed require special attention. First,
are these structural or incidental zeros? Structural zeros correspond to
categories of the rating scale that will never be observed. In other con
texts, they may be an artifact of the numbering of the categories, e.g.,
categories "2" and "4" cannot be observed when the categories of a three
point scale are numbered "1", "3" and "5". Or category requirements may
be impossible to fulfil, e.g., in earlier centuries it was conventional to as
sign the top category to God-level performance. For these structural ze
roes, the categories are simply omitted, and the remaining categories
renumbered as the only observable qualitative levels of performance.
Incidental zeroes are categories that have not been observed in this
particular dataset. Thus all levels of the 7 level FIM scale cannot be seen
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Table 2

Rasch Analysis of FIMTM level Data
A. EATING (for Spinal Cord Dysfunction)
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - --+
FIM
OBSERVED AVERAGE I OUTFIT I
STEP
COHERENCE I
LEVEL
COUNT
MEASURE
MEAN-Sa CALIBRATION M->C C->M
-----------------+---------+---------+-----------+----------+
1
16
-1.89
1.17
NONE
25%
6%
2
14
-1.80
.93
- .42
30% 28%
3
10
- .88
1 .17
.27
8% 10%
4
38
- .68
1.90
-1.05*
25% 15%
5
37
- .43
.98
.62
18% 24%
6
44
.17
.98
.78
13% 31%
7
248
.66
1.41
- .20*
82% 66%

I

I

+ - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - --+
E. LOWER BODY DRESSING (for Spinal Cord Dysfunction)
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - --+
FIM
OBSERVED I AVERAGE I OUTFIT I
STEP
I
COHERENCEI
LEVEL
COUNT
MEASURE
MEAN-Sa CALIBRATION M->C C->M
- - - - - - - - - - - - - - - - -+- - - - - - - - -+- - - - - - - - -+- - - - - - - - - - -+- - - - - - - - --+
1
62
-1.47
.70
NONE
100% 32%
2
65
- .68
.43
-1.09
47% 61%
3
61
- .26
.29
- .53
42% 63%
4
57
.35
1.15
-.15
27% 22%
5
39
.35*
.45
.53
25% 43%
6
56
.98
.78
.21 *
40% 46%
7
67
1.91
.83
1.03
84% 41%
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - --+

J. TOILET TRANSFER (for Spinal Cord Dysfunction)
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - --+
FIM
OBSERVED I AVERAGE I OUTFIT I
STEP
I
COHERENCE I
LEVEL
COUNT
MEASURE
MEAN-Sa CALIBRATION M->C C->M
- - - - - - - - - - - - - - - - -+- - - - - - - - -+- - - - - - - - -+- - - - - - - - - - -+- - - - - - - - --+
1
64
-1.25
1.08
NONE
85% 26%
2
46
- .87
.46
- .82
35% 54%
3
56
-.42
.45
-.91*
38% 51%
4
63
- .04
.59
- .46
33% 38%
5
67
.43
.48
0.00
41% 55%
6
64
1.22
.36
.58
59% 53%
7
47
2.21
.87
1.61
86% 42%
+ - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - --+
ALL 13 MOTOR ITEMS (for Spinal Cord Dysfunction)
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - --+
FIM
OBSERVED I AVERAGE I OUTFIT I
STEP
I
COHERENCE I
LEVEL
COUNT
MEASURE
MEAN-Sa CALIBRATION M->C C->U
-----------------+---------+---------+-----------+----------+
1
942
-1.41
1.21
NONE
82% 37%
2
528
-.86
.94
-.53
30% 47%
3
581
-.44
.78
-.71*
31% 42%
4
672
.02
1.00
- .35
29% 30%
5
679
.39
.88
.19
30% 36%
6
732
1.00
.88
.58
34% 50%
7
1157
1.60
1.19
.81
79% 44%
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -+
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injust three observations, and may not be seen in twenty or thirty observa
tions. There are several strategies: (i) treat those incidental zeroes as struc
tural for this analysis, renumbering the categories without them; (ii) impose
a scale structure (by anchoring) that includes these categories; (iii) use a
mathematical device (Wilson, 1991) to keep intermediate zero categories in
this analysis.

Guideline #2: Regular observation distribution.
Irregularity in observation frequency across categories can signal ir
regularity in category usage. A uniform distribution of observations across
categories is optimal for step calibration. This is approximated in Table 2,
Item J, Toilet Transfer. Other substantively meaningful distributions in
clude unimodal distributions peaking in central or extreme categories and
bimodal distributions peaking in extreme categories, such as the category
distribution for all 13 motor items. Problematic are distributions of "roller
coaster" form and long tails ofrelatively infrequently used categories, such
as Item A. On the other hand, when investigating highly skewed phenom
ena such as rare syndromes or unusual dysfullctions, the long tails of the
observation distribution may capture the very information that is the goal
of the investigation.
When data are thin, or the substantive meaning of levels is ambigu
ous, a practical solution is to consolidate levels into fewer categories of
performance. When combining or omitting levels, bear in mind that the
rating scale may have a substantive pivot-point, the point at which ratings
could be dichotomized for clinical purposes. The analyst should attempt to
maintain the meaning ofthe pivot point, while optimizing the meaning and
stability of the scale as a whole. The definition of the FIM levels suggests
two meaningful pivot points: "modified independence" and "complete de
pendence". Perhaps at admission, "complete dependence" is crucial for
burden of care. "Modified independence" may signal the type of facility to
which a patient could be discharged. Consequently, one would be reluctant
to combine categories across these thresholds.

Guideline #3: Average measures advance monotonically with category.
Equation (1) specifies a Rasch measurement model. This is conceptu
alized to generate data in the following fashion:
BIl - D j

where

-

{Fk}

->

X nj

(2)
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X nj is the rating observed for person n encountering item i,
{Fk} is the set of step calibrations for all categories 0, m,
and other parameters have the meanings assigned in (1).
Within anyone FIM item or combination of items, the {Fk } are con
stant across observations and so may be ignored at this point. It is the
combination ofB nand D j that is crucial in producing, and then diagnosing,
the empirical observation, Xni" It is essential to our comprehension of the
rating scale that, in general, higher measure combinations (Bn - D) pro
duce observations in higher FIM levels and vice-versa. Accordingly a
diagnostic indicator is the average of the measures, (Bn - D), across all
observations in each category. These are reported in the "Average Mea
sure" columns of Table 2.
These average measures are an empirical indicator of the context in
which the category is used. In general, observations at higher levels must
be produced by higher measures (or else we don't know what a "higher"
measure implies). This means that the average measures by category, for
each empirical set observations, must advance monotonically up the FIM
scale. Otherwise meaning ofthe rating scale is uncertain for that group of
patients, and consequently any derived measures are of doubtful utility.
In Table 2, failures of average measures to demonstrate monotonicity
are flagged by "*". For Item E, Lower Body Dressing, levels 4 and 5, Mini
mal Assist and Supervision, have the same average measure. This means
that, for this group of patients from the point of view of this FIM item, the
overall FIM measures for patients in level 4 and level 5 are the same. Thus
the distinction between levels 4 and 5 is failing to discriminate between
generally higher and lower performing patients. Consequently the general
implication ofthis distinction is not clear as it does not relate to the overall
functioning of these patients. It is a "distinction without a difference."
An immediate remedy is to combine non-advancing (or barely advanc
ing) categories with those below them, and so obtain a clearly monotonic
structure. The average measures for Item E suggest that, were levels 4 and
5 to be combined into one category, then the average measures would ad
vance uniformly across the central categories. This would accord with
our sense of how the FIM scale should function.

Guideline #4: Outfit mean-squares less than 2.0.
The Rasch model is a stochastic model. It specifies that a reasonably
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uniform level ofrandomness must exist throughout the data. When the data
exhibit too little randomness, they become too predictable. In other words,
some observations duplicate the information in other observations and so
become redundant. Ifthere were a FIM item defined as "Overall Function
ing", it would display too little randomness because it would merely be a
predictable summary of the other FIM items. When data are too predict
able, they mislead the clinician into thinking the instrument is providing
more useful new clinical information than it really is. On the other hand,
areas in the data with excessive randomness tend to confuse the meaning of
the measurement system, making measures uninterpretable. Excessive ran
domness, also called "noise", is the more immediate threat to the utility of
the measurement system.
For the Rasch model, mean-square quality-control fit statistics have
been defined such that the model-specified uniform value of randomness
across the data is indicated by values of 1.0 (Wright and Panchapakesan,
1969). Simulation studies indicate that values above 1.5, i.e., with more
than 50% unexplained randomness, are problematic (Smith, 1996). Val
ues greater than 2.0 suggest that there is more unexplained noise than mod
elled randomness in the that part of the data, so indicating there is more
misinformation than information in those observations.
In Table 2, the outlier-sensitive OUTFIT form of the mean-square fit
statistic is reported. Large values ofOUTFIT are usually diagnostic ofmis
information in individual very unexpected data points. These tend to be
confined to a few substantively explainable and easily remediable observa
tions. Remediable in the sense that these observations can be disregarded for
the purposes of making general inferences about overall patient status from
these data. Yet these observations can also be made the focus of clinical
attention for the particular patients for which they were observed.
For rating scales, a high mean-square associated with a particular cat
egory indicates that the category has been used in unexpected contexts.
Unexpected use of an extreme category is more likely to produce a high
mean-square than unexpected use of a central category. In fact, central
categories often exhibit over-predictability, especially in situations where
clinicians are being cautious or lack information.
In Table 2, when all 13 FIM motor items are considered together, the
OUTFIT mean-squares are reassuringly near 1.0. This indicator gives no
cause for general alarm. Level 4 of Item A, Eating, has the large mean
square of 1.9. Some of the 38 observations of this level are very unex
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pected. Since level 4 is a central category, we would need to examine the
data, or other parts of the WINSTEPS output, to discover whether the dis
crepant observations were unexpectedly high performance by otherwise
low performing patients or vice-versa. This high OUTFIT value, however,
indicates that some patients have two levels of functioning, one on the
Eating item and another on all the other items. It would be a clinical deci
sion as to which of the two measures, corresponding to the two levels of
functioning, more accurately reflects each patient's status.
Level 3 ofItem E, Lower Body Dressing, has a suspiciously low mean
square of 0.29, less than one-third of its expected value. Perhaps for Spi
nal-Chord Dysfunction this category is summative of a patient's overall
functioning. This could be a clinically useful finding. Low mean-squares
are a commentary on the general use of a category. No action regarding
the measures of any particular patients is indicated.

Guideline #5: Ratings imply measures, and measures imply ratings.
In clinical settings, action is often based on one observation. Conse
quently it is vital that, in general, an observation imply an equivalent un
derlying measure. Similarly, from an underlying measure it is inferred
what behavior can be expected and so, in general, what rating would be
observed on an individual item. The model item characteristic curve (ICC)
is its expected score-to-measure ogive, and so depicts the relationship be
tween measures and average ratings on an item.
Figure 3 shows a typical score ogive for the 7 level FIM scale. The y
axis shows the average expected rating (FIM level). Since only discrete
ratings can be observed, this axis has been partitioned at the .5 average
rating points. To the practitioner, an expected average rating of 3.75 im
plies that a level of"4" will be observed. The expected score ogive facili
tates the mapping of these score ranges on the y-axis into measure zones
on the x-axis, the latent variable. The implication is that measures in, say,
the "4" zone, will be manifested by average ratings between 3.5 and 4.5,
and so be observed as level "4". Equally, to be interpretable, ratings of
"4" imply respondent measures in the "4" zone. The measures, on the x
axis, are estimated from all ratings across all items and persons. They are
plotted relative to the difficulty of a particular item. The ratings, on the y
axis, are levels only on that particular item.
In Table 2, the "Coherence" columns report on the empirical relation
ship between ratings and measures for each FIM item. "M->C" reports to
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what extent patient measures successfully implied the observed FIM levels
of ratings for each category of each item. The M->C column reports what
percentage of the ratings expected to be observed in a category (according
to the measures) are actually observed to be in that category. Thus consider
the M->C for level 1 of Eating. 25% ofthe ratings that the measures would
place in level 1 were observed to be there. The inference of measures-to
ratings is generally unsuccessful. For level 1 ofToilet Transfer, however,
M->C is 87%. Thus we are confident that a patient in this dataset with very
low overall functioning will be completely dependent for Toilet Transfer,
but have doubts whether a low-functioning patient will exhibit the same
degree ofdependence for Eating.
The "C->M" column reports to what extent the ratings in a category of
a particular item correctly predicted the measures of the patients. In Table
2, the C->M column for Item J contains values around 40% for all catego
ries. Thus the overall measure is correctly predicted just under half the
time. From experience with other datasets (not reported here), 40% ap
pears to be a reasonable threshold between poor and good prediction for
both C->M and M->C.
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Levell of Eating is clinically troublesome. In the C->M column, only
6% ofthose observed in level 1 on this item, i.e., only 1 patient out of the
16, was observed to have an overall level offunctioning that corresponded
to this level. Thus, if only functioning on the Eating item were observed,
the clinician might infer a patient's overall functioning to be worse than
oDservations on the other FIM motor items indicate it to be.

Guideline #6: Step calibrations advance.
This guideline concerns the inferential value ofthe FIM scale. The previ
ous guidelines have all considered aspects ofthe application ofthe FIM scale
to the performance of a particular sample of patients. But why were those
patient records collected and analyzed? Either because clinicians wanted to
infer the future functioning ofthose particular patients, or to use these results
to predict the functioning ofother similar patients. In general, if a scale does
not work effectively for a particular sample, there is little reason to suppose
that it will prove effective in predicting those patient's performance in the
future or in predicting the performance ofother patients. This motivated the
development ofthe previous guidelines.
An essential conceptual feature ofrating scale design is that increasing
amounts of the underlying variable in a subject correspond to progressing
sequentially through the categories ofa rating scale (Andrich, 1996). Thus
as patient measures increase, or as individuals with incrementally higher
measures are observed, clinicians expect that each category of the scale in
tum is most likely to be observed. Failure of this to occur implies that the
rating scale may be failing in its purpose ofsummarizing the complexities of
the empirical situation into an ordered series ofneatly defined categories.
The realization ofthis design intention corresponds to probability char
acteristic curves, like those in Figure 2, in which each category in tum is
the most probable, i.e., modal. These probability curves look like a range
of hills. The extreme categories always approach a probability of 1.0 as
ymptotically, because the model specifies that respondents with infinitely
high (or low) measures must be observed in the highest (or lowest) catego
ries, regardless as to how those categories are defined substantively or
used by the current sample. The shape of these curves is obtained from
the model parameters as they are estimated from the data. They are mod
eled to surmount the distributional idiosyncracies of the data set from which
they were inferred, and so apply to any similar set of data.
The mathematical realization of the requirement that the probability
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curves fonn a "range ofhills", i.e., for general inferential interpretability of
the rating scale, is that the Rasch step calibrations, {Fk }, advance mono
tonically across the categories. Failure of these parameters to advance
monotonically is referred to as "step disordering". Step disordering does
not imply that the substantive definitions of the categories are disordered.
Disordering reflects the manner in which the categories are used in the
rating process, and so the interpretability of the resulting measures. Step
disordering can indicate that a category represents too narrow a segment of
the latent variable or one that is poorly defined in the minds of the respon
dents. The probability curves shown in Figure 4 for Item A are an example
ofpoor rating scale functioning. Instead ofthe 7 hill tops we expect to see,
these data to produce only three. Only levels 1,4 and 7 are visible, indicat
ing step disordering.
Disordering of step calibrations often occurs when the frequencies of
category usage follow an irregular pattern. In Table 2, the observed counts
for Eating exhibit local modes at categories 1,4 and 7. The fact that there
is step disordering is flagged by "*,, symbols against disordered values in
the "Step Calibration" column.
In Table 2, the summary for all 13 motor items considered together
also shows disordering, this time at level 2. But it is only slight and prob
ably not of inferential consequence, as can be seen by inspection of the
corresponding probability curves in Figure 4. This does raise the concern,
however, that respondents may not consistently see a level ofpatient func
tioning between levels 1, Total, and level 3, Moderate that is expressed by
the tenn Maximal, level 2.

Conclusion
Rasch analysis does not change the nature of the FIM observations. It
does provide a technique for obtaining insight into how the FIM operates
to construct measures. Unless the rating scale ofFIM levels, which forms
the basis of data collection, is functioning effectively, any conclusions
based on that data will be insecure. The purpose of these guidelines is to
assist the analyst in constructing valid measures and consequently the cli
nician in making sound inferences.
Not all guidelines are relevant to any particular data analysis. The
guidelines may even suggest contradictory remedies. Nevertheless they
provide a useful starting-point for evaluating the functioning of FIM levels
in any particular clinical situation.
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