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Abstract

Advances in fundamental measurement have led to many exciting new developments in functional assessment.
This paper presents fundamental measurement theory and method in summary form, and briefly describes its various
applications to functional assessment, program evaluation, and outcomes analysis in physical medicine and rehabilita-
tion. The implications of computerized medical records and longitudinal patient tracking in national or global
computer networks for functional status and health status gold standards are briefly addressed.
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1. Measurement theory

1.1. Fundamental and derived measurement

Measurement is fundamental, as opposed to
derived, when its quantities express amounts of
the variable of interest, and not amounts derived
from quantities read off instruments that measure
other variables. Distance (length) and time are
commonly expressed as fundamental measures,
such as kilometers and hours. Speed, however, is
usually measured in a derived fashion as a ratio
of distance to time, as in kilometers per hour.
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In so far as all measurement is a cultural
phenomenon, all measurement is derived in the
sense that no variable is directly and immediately
observed as a quantity; anything that is counted is
counted as something. The units in which things
are counted are invariably cultural constructs that
emerge in particular linguistic and historical con-
texts. Such units are not things that exist in them-
selves in nature, self evident to anyone who can
see and think [1-13]. Rather, good measurement,
like all scientific modelling, is a matter of making
good metaphors, and the metaphors chosen are
limited to those that are meaningful and relevant
to the culture and language of the time [1-9]. The
fact that metaphor plays a role in science does
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not mean that scientists can make nature accord
with any theory at all. In their struggle to obtain
even the faintest response to the questions they
put to nature, scientists are constrained by their
ability to calibrate measuring instruments [1-11]
and to make measures that confirm, or at least do
not falsify [12], their hypotheses.

The preparation of models, metaphors, and
measures involves establishing common units of
measurement and standards of comparison.
Laboratories are able to link up with each other
and to extend their results into the world at large
only to the extent that the models, metaphors,
and measurements associated with the production
of a phenomenon enable that phenomenon’s reli-
able reproduction [13). Instruments and other de-
vices constrain the administration of treatments
and the observation of their effects such that the
laboratory conditions necessary for creation of a
phenomenon can be extended into the real world.
Poorly or sloppily calibrated instruments recreate
the conditions necessary for observation of the
relevant phenomena unpredictably and unreli-
ably, making it impossible or difficult to set up
the networks of relationships necessary for
managing the structure, process, or outcome of
interest.

1.2. Quantification and objectivity

An instrumentarium of the highest quality is
therefore fundamental to the effective and effi-
cient communication of meaningful measures and
the relationships they represent. High quality in-
struments, i.e. those that are rigorously quantita-
tive, scientific, and objective, are recognizable as
those for which a given amount of something (an
inch or 2.54 cm of length, or 20 units of functio-
nal independence, for instance) is the same
amount no matter what particular person or thing
exhibits it and no matter what particular (config-
uration or brand name of) instrument is used to
measure it.

For instance, when we measure a person’s
height, we pay no attention to the particular ruler
in use; the person’s height will remain constant,
within a negligible amount of error, no matter
which ruler is used to measure, no matter who
wields the ruler, where the measure is made, or

what brand name marks the ruler. Conversely, we
pay no attention to what length, height, or width
is measured by a particular ruler; the ruler’s units
stay the same size and in the same order no
matter what or who is measured with it.

But when we measure with a ruler, we require
attention to certain routine procedures of data
quality. These are so basic to our thinking about
measurement that we hardly recognize them for
what they are: methods of maintaining the con-
stant and invariant unit necessary for establishing
a basis of comparison. For instance, would any-
one ever measure height by holding a ruler on the
floor for some people, at ankle level for others,
and at knee level for others, and expect to have
quantities that correspond to differences in peo-
ple’s heights? No, of course not. But our lack of
quality control procedures in the use of rating
scales create many situations directly analogous
to this [14].

1.3. Deterministic vs. probabilistic conjoint
measurement

Because the measurement constructs of the
human sciences, including attitudes, feelings,
health status, and abilities, such as functional
independence, involve a degree of unpredictabil-
ity and randomness, we cannot expect the kind of
perfect accord that occurs between the units on
measuring instruments and people’s measures on
constructs such as height [15]. This accord is
referred to as conjoint order, with respect to the
fact that more height on any ruler of any brand or
metric always corresponds to more height as ex-
hibited by the thing or person measured. For
constructs of physical measurement, such as
height, weight, blood pressure, temperature, etc.,
the conjoint order of the measuring instruments’
units and the characteristics of the persons mea-
sured is deterministic, meaning that random vari-
ation within individual measures is virtually non-
existent.

For measuring abilities and attitudes, though,
we need to calibrate instruments that can tolerate
random noise; better yet, we need to devise meth-
ods that indicate how much noise is associated
with any individual item calibration or person
measure. Probabilistic conjoint measurement
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models, such as those devised by Rasch [16] and
his students Wright [17-20], Andrich [21] and
Fischer [22], not only tolerate random noise, they
require it for the estimation of scale values and
use it as a basis for estimating individual errors of
measurement and for indicating the quality of the
data (the extent to which it fits the specifications
of the measurement modeD).

Rigorous additive (interval level) conjoint mea-
surement models have been researched in the
psychometric, biometric, and econometric litera-
ture since at least the 1920s [23]. Deterministic
conjoint models can be found in or derived from
the works of Thurstone [24,25], Guttman [26],
Bradley and Terry [27], Luce and Tukey [28],
Krantz et al. [29], and Anderson [30]. These de-
terministic models have a history of [31-33] appli-
cation in the area of functional status measure-
ment, as well as in health status and quality of life
measurement [34—39].

1.4. Gold standards

A great deal of interest and controversy in the
application of deterministic models in health sta-
tus and functional status measurement involves
the issue of gold standards, instruments that are
to be widely accepted as providing the reference
unit of measurement in research and applica-
tions. The distinctions among three purposes of
health status measurement identified by Kirshner
and Guyatt [35] depend largely on the availability
of gold standards calibrated within the overly-
limiting constraints imposed on their develop-
ment by the deterministic models used to assess
their validity and reliability. The massive prolifer-
ation of health status, quality of life, and functio-
nal status instruments stems largely from the
misperception that every new application or audi-
ence requires a new instrument, and that new
instruments automatically entail a new quantita-
tive unit of measurement. The result is that ‘The
profuseness of the measurement instruments re-
ported in the literature seriously inhibits compar-
ison of the results and ascertainment of signifi-
cance of the results across different studies as-
sessing similar problems’ [39].

The difficulty in calibrating gold standards us-
ing deterministic models is that such models are

bound to the particular items and rating scale
found in a single instrument. The scale-depend-
ency of most rating scale or test based units of
measurement makes gold standards elusive. After
all, different applications require different de-
grees of specificity, precision, and accuracy, and
they may well also require different ranges in the
measurement continuum [35-40]. Utilization
management, third party payors, accreditation
agencies, and case managers may want to know
only if a patient can dress herself, but clinicians
planning treatment and researchers studying
treatment effect will need considerably more de-
tail and less error in their measures. How could a
single set of items attached to one rating scale
ever meet all of these needs?

Probabilistic measurement models, such as
those devised by Rasch [16] and Wright [17-20],
are not constrained by the same factors that
make deterministic models impractical [15].
Probabilistic models are sometimes referred to as
scale-free, sample-free, or instrument-free [17]
because their item parameter estimates do not
vary according to the particular persons mea-
sured, and the person parameter estimates do not
vary according to the particular set of items used
as a basis of comparison. Scale-free measurement
models bring gold standards within reach because
they offer the possibility of calibrating different
scales that measure the same thing by different
means onto a single quantitative continuum, as is
shown in some detail below in this paper.

Rasch’s [16] and Wright’s [17-20] simple and
easy to use probabilistic formulations of conjoint
measurement principles have led to common ref-
erences to ‘Rasch measurement,” but ‘probabilis-
tic conjoint measurement’ is more descriptive and
avoids the implication that Rasch has invented
something entirely new, when in fact his work
derives from an ancient line of mathematical
thought that includes Galileo and Plato [41,42].
Rasch’s contributions to measurement theory and
practice will revolutionize functional assessment
in rehabilitation if only because of his model’s
capacities for tolerating missing data and for test-
ing the hypothesis that a set of rating criteria
(assessment items) produce empirically consistent
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data and so can be calibrated onto an equal-inter-
val, and hence additive, measurement continuum.

1.5. Mathematical vs. concrete objectivity

Probabilistic conjoint measurement [16—20] re-
quires that data be fit to a model specifying the
quality of relations in the data necessary for mea-
surement to be achieved. This approach helps
ensure that all respondents, raters, and items are
talking about the same thing, and are engaged
with the same object of inquiry. The fitting of
rating scale data to probabilistic models requires
that a mathematical sense of objectivity frame
thinking about what counts as data good enough
to measure with.

Rasch’s mathematical sense of objectivity con-
trasts with the more commonly held sense of
objectivity as a matter of concrete materiality.
Functional assessment scales, for instance, are
usually designed in the context of the belief that
an observation is objective when the rating as-
signed is identical across independent observers.
To take a common example, if I raise my hand
over my head, virtually anyone looking at me
would independently agree that I raised my hand
over my head. Extending this notion to the design
of rating scales, rating scales have been called
equal interval (which is a matter of having a
constant, and therefore additive, unit of measure-
ment) simply because the distances between sev-
eral different levels of hand-raising represented
in the scale were all the same. According to this
approach, if I want to put my ability to raise my
hand on a five-point rating scale, I rate a 1 when I
cannot raise my hand from a hanging position at
all, a 2 if I can raise it 45°, a 3 for 90°, a 4 for
135°, and a 5 for 180° from hanging. Each differ-
ence of one point corresponds to 45° in my range
of motion, so this is an equal interval scale, right?
Wrong!

Degrees of arc are not the same thing as the
ability to move one’s arm up and down. Mathe-
matically, the probabilities of achieving any of the
ratings on this hand-raising rating scale will vary
depending upon the abilities of the persons rated,
the particular difficulties that person experiences
in hand-raising, and the amount and timing of
treatment applied that is targeted at increasing

people’s abilities to raise their hands. Given these
factors, it may be very easy, as indicated by the
frequency of the ratings, to advance from level 1
hand-raising to level 2, but considerably more
difficult to advance from level 2 to 3; then, be-
cause of the type of clients involved or the ad-
vances facilitated by treatment, hardly anyone
may be rated a 4 because they pass straight on to
being rated a 5. Using distance between cate-
gories to represent differences in difficulty, this
scenario could result in a rating scale structure
that looks like this:

1 2 34 5

even though the concrete observations on which

the ratings are based are equal interval. Practical
and useful probabilistic conjoint measurement
models establish the odds of observations being
made in each particular category and structure
the instrument accordingly.

Rating scale measurement is not objective when
it is simply tied to equidistant differences in what
is observed. The importance of focusing on such
differences stems from their utility in document-
ing consistent variation in the persons rated across
the rating criteria, and vice versa. Mathematical
objectivity is a matter of establishing (relatively
and probabilistically) invariant conjoint orders
that facilitate the measurement of amounts of the
thing of interest, amounts that remain the same,
within an error, no matter what instrument is
used and no matter who is using it.

1.6. Agreement vs. consistency

Accordingly, as strict agreement in ratings is
abandoned in favor of a consistent ordering of
the items on the persons and vice versa, another
measuring problem emerges: the propensity of
the person rating to assign more or less extreme
ratings [43-47]. Where the usual sense of objec-
tivity in rating demands perfect agreement in
ratings for the same behavior, a mathematical
sense of objectivity has the more reasonable and
attainable requirement of consistency. Research
shows that people using rating scales tend to
develop their own system for assigning ratings
[47]. Assuming a calibrated instrument and trained
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raters, when the raters are doing their best to use
the instrument as they were trained to, assess-
ments will vary consistently. Persons exhibiting
less functional independence will receive the
lowest ratings, those exhibiting more functional
independence the highest, and the most difficult
areas of independent functioning will receive the
lowest ratings, and the easiest, the highest. Data
that are consistent are not necessarily in perfect
agreement across raters, but such data do make it
possible to adjust patients’ measures of functional
independence by the severity or leniency of the
raters’ ratings. When the training of raters strives
for agreement, raters often wind up second-guess-
ing themselves, never achieving perfect agree-
ment and often destroying the data’s consistency
as well.

1.7. Logarithms and logits

An aspect of the mathematical modelling of
rating scales that seems to be almost universally
mystifying to non-mathematicians involves the use
of the logarithm in the estimation of the logit
(logarithmic odds unit or log odds unit), which is
what the quantities produced in the application of
probabilistic conjoint measurement models are
called. The odds part of the logit helps establish
the order, and some of the spacing, of the rating
scale categories. Because odds and the probabili-
ties used in their calculation include reference to
the number of items actually administered, they
are able to maintain their ordinal properties when
the number of items varies from person to person
[19-21].

The logarithm, usually a natural logarithm, is
used to linearize the odds. Linearization is neces-
sary because odds necessarily range from zero to
one and so suffer from floor and ceiling effects —
absolute limits that misrepresent and distort the
characteristics of variables at the extreme ends of
the range of measurement currently investigated.
What the logarithm does, in effect, is to give
credit where it is due, expanding the size of the
measuring unit as it is repeated away from the
center of the distribution toward the extremes.

A simple example will illustrate the value of
logarithms in estimating measures. Imagine that a
new therapeutic treatment was found to reduce

disability from a 50% to a 49.5% frequency of
occurrence, and that another did the same thing,
but the reduction was from a 1% to a 0.5%
frequency. The former reduction is a negligible
1% change, but the latter amounts to a 50%
overall reduction in the incidence of this type of
disability. Should not the reduction that cuts a
problem in half be weighted as more valuable
than one that drops it by a mere 1% (the 0.5%
reduction from 50%)? The logit provides that
credit by incrementally decreasing the size of the
raw score measuring unit as it is repeated from
one end of the scale toward the middle of the
scale, and then increasing it again as the other
end of the scale is approached. Such logarithmic
linearization has a long history of use in measure-
ment, with common applications in barometric
pressure and earthquake magnitude (Richter)
scales.

1.8. Transparency

A basic goal of measurement system design is
instrument transparency [48—50]. We want to be
able to look through the instrument, as if it was
not there, at the thing of interest. We can think
clearly about a variable only in so far as the
instrument acts as a window or lens on the vari-
able. All instruments measure with some degree
of error, so they are never perfectly transparent.
However, to the extent that a variable’s proper-
ties can be separated from the characteristics of
the instrument, error is lowered and transparency
is increased.

Transparent instruments make it possible to
reproduce the most probable observations (rat-
ings) that produced the measure, from the mea-
sure alone. Feinstein [48] points out that an in-
strument such as the Apgar scale, which is com-
posed of five items on a three-point (0, 1, 2) rating
scale, is transparent at its extremes (see Table 1).
A score of 0 or 10 tells us what every rating on
every item was, and a score of 1 or 9 gives a
strong sense of what every rating on every item
was. But according to Feinstein, scores of 4, 5, or
6 do not, and by implication cannot, provide a
transparent sense of what a baby’s condition is,
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Table 1
Fictional Apgar scale data

Persons Items Person Scores

3

39
W
—_
BN

Nathan 1
John 0
Laura 2
Martha 1
Diane 1
Luc 0
Jon 2
Louise 0
Alissa 2
Jimi 1
Item score 10

s
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—_

since a mid range score indicates that something
is wrong, but gives no indication as to what in
particular needs attention.

What if, however, Apgar scale data lend them-
selves to something approximating a deterministic
conjoint order, such as that shown in Table 2? In
this case, scores of 4, 5, or 6 are virtually as
transparent as scores of 0, 1, 9, or 10. If this sort
of consistency in the item order across the per-
sons were obtainable with Apgar scale data, item
5 would represent the most likely area in which
problems arise for babies, item 4 the next most
likely area, etc.

However, for transparency to be more than a
hollow technicality, the order to the items has to

Table 2
Fictional Apgar scale data tested for conjoint order

Persons Items Person scores

1

o
W

Luc
John
Louise
Martha
Jimi
Diane
Nathan
Jon
Laura
Alissa
Item score
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—
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—
—_
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mean something; reliability is nothing without
validity. Taking the data in Table 2 as an heuristic
example, one would ask why babies usually re-
ceive the highest ratings on item 1 and the lowest
on item 5?7 What is it about the observations
provoked by these items that reasonably leads to
their being positioned on the ends of the scale?
And what about the ones in the middle; why are
they ordered as they are? What is the one thing
touched on by all of the items, more or less? Each
item on the scale must be an indicator of how
much health a baby exhibits. If the rating
probabilities can be conjointly ordered, the log of
the rating odds will produce an interval-level,
additive scale.

If the ratings do not order persons and items
along a common continuum, pointing in the same
direction, more work needs to be done to test and
substantiate the hypothesis that the variable is
quantitative [23]. Failure to confirm this hypothe-
sis means only that the current approach to the
variable, as realized by the recorded observations,
does not lend itself to the variable’s quantifica-
tion. A different observational framework may
show that the variable is quantitative. However,
even if the quantitative hypothesis is repeatedly
falsified for a given variable, that does not doom
research on the variable to a non-scientific status.
It merely means that the matter is qualitative and
must be treated as such.

2. Advantages of probabilistic conjeint
measurement for functional assessment

Probabilistic models have been used to study
several kinds of instruments in general use in
physical medicine and rehabilitation [49-77]. In
addition to functional independence in motor
skills (combined mobility and ADL functions)
[51-62,74-77], these instruments include mea-
sures of impairment severity [51-54], applied self
care [51-54], community reintegration [54], cogni-
tion and neuropsychiatric disorders
[51-62,66,72,74-77], pain [63—-65], pediatric devel-
opmental sequences [67-69], spiritual well-being
[70,71], and patient satisfaction [73], with at least
one instrument explicitly designed to produce data
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fitting multifaceted probabilistic conjoint mea-
surement models [74-77]. Each of these instru-
ments’ applications stand to benefit from the fol-
lowing advantages.

2.1. General points

Missing data are no problem. For instruments
that add up raw ratings into total scores, such as
the Apgar scale or the Functional Independence
Measure (FIM), missing data is anathema be-
cause the meaning of the score depends on the
number of items rated. Users of such scales are
often instructed to assign a rating of 1 rather than
not make any rating at all on an item. In contrast,
the procedures for calculating logits deal only
with the number of items for which ratings were
convenient, possible, or meaningful [19,21]. The
only consequence is that fewer items mean a
higher error of measurement, something made
explicit in the output produced by most computer
programs that fit data to probabilistic conjoint
measurement models. With fewer than a mini-
mum number of items, probably 10-15, error
becomes unmanageably large because reliability
and the distinctions one is ostensibly trying to
make among those measured are lowered.

Item or task calibrations and the measures of
persons. Item or task calibrations and the mea-
sures of persons are logarithmically transformed,
which is crucial for interpreting the value of dif-
ferences involving comparisons made at various
points along the measurement continuum.

Construct validity is placed at center stage. The
grande dame of psychometrics, Jane Loevinger,
claims that, ‘Since predictive, concurrent, and
content validities are all essentially ad hoc, con-
struct validity is the whole of validity from a
scientific point of view’ [78]. Samuel Messick, a
vice president at Educational Testing Service and
authority on the principles of construct validity,
concurs, saying ‘all measurement should be con-
struct-referenced’ [79]. Loevinger’s [80] strong ap-
preciation for Rasch’s mathematics goes hand-
in-hand with her position on construct validity,
since, as Messick points out, ‘any concept of valid-
ity of measurement must include reference to
empirical consistency’ [79].

As has already been shown, empirical consis-

tency is the cornerstone of probabilistic conjoint
measurement. Thus, the question, ‘How do 1 know
this instrument measures what it is supposed to?’
becomes a matter of immediate importance.
Computer programs such as BIGSTEPS [81] and
FACETS [44] provide figures and tables with items
and persons in calibration order as a matter of
course, facilitating determination of how much of
the variable each item measures and each person
exhibits. These displays aid in the task of inquir-
ing whether the persons, items, and rating scale
categories expected to have the highest or lowest
scale values in fact do. The visual and graphical
grasp of variables as continua of more and less,
like a thermometer or ruler, with the items and
persons positioned on it, is crucial to understand-
ing the measured quantities as an answer to the
question ‘How much?’

Analyses of the Functional Independence Mea-
sure [56-59] and the Levels of Rehabilitation
Scale-I1I (LORS-III) [60,61], for instance, show
that the common practice of aggregating ratings
of functional independence from both the motor
and cognitive domains is misguided. The two
groups of items included on both of these instru-
ments vary in the consistency of the data they
produce. This means that scores in either instru-
ment’s middle range could be produced by per-
sons with either high cognitive ratings and low
motor ratings, or by the opposite, resulting in two
very different sorts of patients having the same
score. The two groups of items do not share a
consistent order across all of the persons rated,
making it impossible to determine an answer to
the question ‘How much?’ because the scores are
varying in two areas of functional independence
at the same time.

Something similar was discovered in early stud-
ies of the Patient Evaluation Conference System
(PECS®) [52,53], although its designers never in-
tended its ratings to be summed across items into
a total score [82). Rather, cognitive, speech com-
munication, and affect ratings were grouped
together to test the tenability of a bread psycho-
logical construct. The data on psychological affect
did not share the cognition-communication items’
consistency, but eventually formed the basis of a
community reintegration scale [54].
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Computerized administration of instruments is
greatly enhanced. The large numbers of items typi-
cally included in item banks preclude complete
data for any one [83,84] person, so the probabilis-
tic models’ capacity to tolerate missing data makes
them well positioned for the computerized admin-
istration of these banks [85]. Precalibrated item
banks make it possible to target items at a person’s
ability; the computer draws items from the bank
such that the next item is targeted at the person’s
current ability estimate. As someone continues to
receive high ratings on mobility items, for in-
stance, the computer administers progressively
more difficult items until the ratings drop. The
greater speed, reduced paper flow, and enhanced
measurement precision of computerized instru-
ment administration will be important as we face
the demands of increasing pressure to cut costs,
maintain outcomes, and document quality.

Measures are easily adjusted for rater severity /
leniency. Clinicians who rate clients’ performance
on various functional tasks add an important di-
mension to the measurement of impairment, dis-
ability, and handicap. Multifaceted measurement
designs {44-47,74-77] — those involving more
than two facets — apply probabilistic conjoint
measurement models in order to account for, and
to remove from the measures, consistent variation
in ratings caused by differences in rater severity
or lenience, or by differences caused by any other
uncontrolled but consistent influence on ratings.

The probabilistic models applied to functional
assessment data thus far have most usually been
two-faceted; the consistency of the data is hy-
pothesized to result only from the interaction of
the abilities of the persons measured and the
difficulties of the items measuring. A three-
faceted design includes the propensities of raters
to assign consistently higher or lower ratings (their
‘severity’ or ‘leniency’) than the average as an
influence on the consistency of the data. Calibrat-
ing the raters in this way makes it possible to
adjust person ability measures and item difficulty
calibrations according to the severity or leniency
of the rater, so removing this uncontrollable fac-
tor from the resulting scale values. Multifaceted
measurement analyses could also prove useful in
accounting for consistent variations in functional

independence that might be found to occur across
{acilities that encounter different degrees of im-
pairment severity. If so, some scientific basis for
the comparison of outcomes across facilities might
be obtained.

Self-scoring report forms can provide quantitative
information with no need for costly and time-con-
suming computer analyses. The instruments of the
physical sciences typically embody something
learned in a classic experiment. Thermometers,
for example, look the way they do because of
what was learned of the consistent relationships
between heat and the expansion and contraction
of fluids and gases in enclosed spaces. Only rarely,
however, are calibrated rating scale-based instru-
ments organized to represent the variable of in-
terest quantitatively. When a variable has shown
itself to be stable over an adequate period of time
and across a wide variety of situations, the quanti-
tative information can be used to lay out a work-
sheet or map that will inform the user of the
relevant scale value, error and fit information as
soon as it is filled out [86,87].

Each of the five PECS LifeScales™ [54] have
been laid out as PECSMAPs™. Fig. 1 shows the
Motor Skills scale in the self-scoring format. The
areas in which ratings are assigned are listed on
the left side of the page, and the rating scale
categories are across from them on the right. The
first thing that stands out to the new user is the
fact that the rating scale categories are not printed
in neat, evenly spaced columns and rows. Instead,
they are arranged on the page to illustrate the
respective amounts of independence in motor
skills each of them represents, item by item. The
items, listed on the left, include mobility skills
rated by physical therapists and ADLs rated by
occupational therapists. The item at the bottom
of the list, feeding, is easiest to perform and so is
likely to provoke the highest ratings, and the item
at the top of the list, home management, is most
difficult to perform and consistently results in the
lowest ratings received by patients.

As the PECSMAP is filled out, ratings should
fall in a column up and down the page, varying by
an error or two to the left or right. The measure
can be read off the instrument by simply running
a line through the ratings and the horizontal
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PECS MAP
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Fig. 1. PECS map.

0-100 logit scale. The error associated with dif-
ferent ranges in the measurement continuum is
indicated, but must be inflated for incomplete
data sets. The quality of the data is indicated by
the extent to which it falls in a vertical line on the
page. Ratings that stick out will probably most
often indicate special strengths or weaknesses
that differentiate a particular patient. Less often,
they will indicate areas of patient malingering or
extra effort, or of rater error. It is anticipated that
worksheets of this kind will result in fewer errors
being entered into the records uncorrected.

2.2. Specific points
Functional independence gold standards are
within reach; different brands of instruments need

no longer measure in their own idiosyncratic units.
Rehabits (Rehabilitation measurement units) are
the result of the co-calibration of two or more
functional assessment instruments and provide an
empirically based (as opposed to legislatively im-
posed) currency of exchange for the communica-
tion of rehabilitation outcomes [88].

Rehabits are created when items from two or
more separate instruments (PECS, FIM, LORS,
Barthel, TAMP, AMPS, etc.) that are supposed to
measure the same thing are all applied to the
same patients, as if they came from one, and not
several, instruments. Calibrating this super-scale
results in scale values for each item, provided
they all contribute mutually consistent data. Once
an instrument’s items have known positions on
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the scale relative to other instruments’ items,
these values can be used to preset the items’ scale
values in analyses of patients for whom there are
ratings only on that instrument. Because the item
scale values producing the new measures are those
obtained in relation to the items from the other
instrument(s), the resulting measures are hy-
pothesized to be statistically identical with the
measures that would result from a similar appli-
cation of the other instrument(s). These hypothe-
ses would be falsified if (1) the co-calibration
produced unacceptably high fit statistics, meaning
that the ratings on the two instruments do not
produce a consistent ordering of the persons; or
(2) the co-calibration does not result in nearly
identical measures for the persons as they are
measured by the instruments in separate analyses.
If the first hypothesis holds, it is likely that the
second would as well.

To test the viability of these hypotheses as a
basis for creating gold standards, ratings of 53
clients” performance on 13 FIM and 23 PECS
motor skills items were made at admission and
discharge, making for 106 measures. The FIM
ratings were made by persons trained in its use
without the knowledge of the therapists making
their usual PECS ratings. The clients were con-
secutively admitted to a freestanding inpatient
rehabilitation facility, and fell into a mixture of
five diagnostic groups (brain injury (8), neuromus-
cular (7), musculo-skeletal (22), spinal cord injury
(7), and stroke (10)). Prior research indicates that
these scale structures remain constant across
variations in function introduced by differences
among the diagnostic groups, with few notable
exceptions [89,90].

Farital credit measurement models [19,72,91,92]
allow the analysis to respect each instrument’s dis-
tinctive sense of the 1-7 rating continuum. It would
not be reasonable to assume that the PECS’s
break between dependence and independence at
ratings 4 and 5 could be imposed on or in some
way shared with the FIM ratings, where this break
occurs between categories 5 and 6; nor could the
opposite be assumed. In fact, because the PECS
ratings are derived from detailed descriptions of
the behaviors associated with each category for
each item, it is necessary to allow each item to

have its own rating scale. Because the FIM has
only one generic meaning to the rating categories,
it is reasonable to test its data for adherence to
this single structure.

The 35 combined PECS and FIM items cali-
brated along the measurement continuum with a
reliability of 0.98; the 106 measures scaled with a
reliability of 0.95. In a second analysis, the instru-
ments were calibrated together on admission data
only, then on discharge data only; the admission
and discharge co-calibrations were then plotted
against one another, resulting in a correlation of
0.89 and r*of 0.79. When one outlying PECS item
and one outlying FIM item were removed, the
correlation was 0.93 and the r2was 0.86.

These positive results encouraged a presetting
(known as anchoring in psychometrics) of the
item positions on the scale (from the original
combined admission and discharge analysis) in
instrument-specific analyses of the data. The
measures resulting from these analyses were then
plotted against the co-calibration measures
(PECS/Co-calibration: r = 0.95, r* = 0.91;
FIM /Co-calibration: r = 0.95, r> = 0.90) and each
other (r = 0.87, r?>=0.75). The full report of the
results [88] includes measurement method com-
parisons [93,94] that are more sophisticated than
correlations. The full report also includes raw
score to measure conversions for the PECS and
FIM in which the Rehabits serve as a medium of
exchange for the two scales. For instance, a 13-
item FIM Motor Skills scale raw score of 64 is
associated with a Rehabit of 50.0, and the 22-item
PECS Motor Skills scale raw score associated
with a Rehabit of 50.0 is 83.

Co-calibration establishes rigorous requirements
for validity. A typical procedure performed when
establishing the validity of a new instrument is to
correlate measures produced by it with those
produced by a similar, already established instru-
ment. The question that then arises is that if a
high correlation is desired and obtained, what is
the distinct use and need for the new instrument?
It often happens that correlations are inadequate
tests of whether a common construct is measured
by each instrument [93,94].

Co-calibration puts a new spin on this situation.
If an existing instrument does not measure in the
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necessary range of abilities, a new instrument
might be called for. Similarly, if an existing instru-
ment, such as the PECS or the FIM, was designed
for management, and not clinical or research
applications, then it probably has a measurement
error too large for the instrument to provide the
sensitivity required by the other applications, and
a new instrument would be desirable.

Co-calibration would connect the new and the
old instrumentation much more concretely than
current practice does. Research would have to
demonstrate that the new instrumentation mea-
sures the same thing as the old, and that it
extends the range of measurement, or lowers the
€rror.

Rehabits and other probabilistically modelled
gold standards have potentially profound implica-
tions for the communication of outcomes, re-
search, and standards for practice. What would it
mean to have outcomes reported in a common
unit of measurement? What are the implications
for accreditation, reimbursement, program evalu-
ation, marketing, treatment planning, and re-
search? These and other questions must be ex-
plored.

Co-calibration suggests the possibility of linking
grosser, higher-error management-oriented measures
of functional independence with the more finely
detailed, lower-error measurement needs of clini-
cians and researchers. The computerized progress
note is a natural place to implement more finely
tuned functional assessment instruments that are
sensitive to perhaps even the smallest possible
gains. Given that the computer is already in place
in such a system, all of the benefits of computer-
ized instrument administration follow. The pri-
mary benefit is that the item banking principles
applied in computerized administration allow the
measure to be adapted to its application.

A clinician who wants to plan the next stage of
a series of ADL treatments will want a more
precise measure than the case manager who wants
only to know if his or her clients can dress them-
selves. The fewer items and greater administra-
tive speed associated with managerial applica-
tions can tolerate the necessarily larger measure-
ment error, but the clinician’s purposes require a
tighter focus, with an associated larger number of

items and somewhat slower administration, in or-
der to obtain a lower measurement error. Re-
search is underway to co-calibrate low-level, de-
tailed progress note, functional assessment items
with standard PECS items in order to enable a
simple conversion of the more detailed, lower
error measurement information with the more
global, higher error measurement information of
the usual PECS.

Application of probabilistic models to functional
assessment data streamlines program evaluation,
quality assessment /improvement, and utilization
management. Current uses of functional assess-
ment data for purposes of program evaluation,
quality assessment/improvement, utilization
management, and communications with referring
physicians, case managers, patients, and third-
party payors [95-99] are encumbered by the dif-
ficulty of interpreting large numbers of data points
in the context of length of stay, impairment sever-
ity, and age variables that constantly fluctuate. In
addition, the data are usually ordinal ratings aver-
aged across patients for individual areas of func-
tional independence, such as ambulation or dress-
ing; the validity of such statistical manipulation of
raw rating scale data has been seriously ques-
tioned [14,20]. The evaluation of average dis-
charge status, the percentage of treatment goals
that were attained, and the percentage of patients
discharged at an independent level of functioning
faces additional complications from random vari-
ation in the amounts of treatment patients re-
ceive (usually inferred from length of stay data),
the age of the patients, how impaired their inde-
pendence was when they were admitted for treat-
ment, and other variables, such as the amount of
time that had passed since the onset of their
impairments.

Fitting data to a probabilistic model makes it
possible to aggregate ratings across items, reduc-
ing the number of data points that must be inter-
preted, and placing the measures on interval scales
that can be manipulated statistically. The influ-
ence of admission levels of functional indepen-
dence, length of stay, and age on discharge mea-
sures can then be gauged via regression tech-
niques on historical data, and these standards
used to evaluate current performance [96-98].
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Fig. 2, for instance, shows predicted PECS Mo-
tor Skills LifeScale discharge measures (predict-
ions generated by fitting a regression model) plot-
ted against the actual measures. The 95% confi-
dence intervals were produced by the 8 years of
historical data shown in the figure. To evaluate a
new set of outcomes, the predicted and actual
data points from the new data would be plotted in
relation to these confidence intervals, enabling
one to see at a glance how current outcomes
compare with those of the past.

Data points falling above the top diagonal line
in Fig. 2 represent cases for which the actual
outcome measure was higher than expected, given
that person’s initial status, length of stay, and age.
Points falling below the bottom diagonal line
indicate cases for which the actual outcome was
lower than expected. Such severity adjusted mea-
sures and comparisons will be of increasing im-
portance as rehabilitation consumers seek to find
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the most cost-effective treatment possible. Given
the consistency with which initial status, length of
stay and age influence discharge status, the multi-
faceted probabilistic models [44] already men-
tioned should prove to be relevant and useful in
this regard.

3. Implementing probabilistic models

3.1. Software

Personal computer programs that allow the
specification of probabilistic models and the test-
ing of the extent to which data fit the model are
numerous and varied. Two of the most popular
programs are BIGSTEPS [81] and FACETS [44],
both available from MESA Press in the Depart-
ment of Education at the University of Chicago.
BIGSTEPS produces 23 tables and figures dis-
playing estimate convergence, sorted observa-
tions, scale values, errors, and four kinds of
model-fit statistics for any two-faceted (item X

2
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Fig. 2. PEGS Motor Skills Lifescale. Actual and predicted 1985-1993 discharge measures; 6467 subacute, inpatient, and day

hospital measures.
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person) binomial or rating scale data. FACETS
produces much the same output for measurement
designs involving three or more facets. A Win-
dows interface for running BIGSTEPS and edit-
ing its control, data and output files has recently
been made available by MESA Press.

Other programs that apply Rasch’s probabilis-
tic models are available from Peter Allerup
(Danish Institute for Educational Research,
Copenhagen, Denmark); David Andrich
(ASCORE, Murdoch University School of Educa-
tion, Western Australia); Assessment Systems
Corporation (RASCAL, St. Paul, MN); Gerhard
Fischer (Vienna, Austria); Richard Gershon
(Computer Adaptive Technologies, Inc., Chicago,
IL); Cees Glas (RPS, ProGAMMA, Groningen,
The Netherlands); Ivan Horabin (TestCalc,
Durham, NC); Geoff Masters (Quest, Australian
Council on Education Research, Hawthorn, Vic-
toria, Australia); Matthew Schulz (MFORM,
American College Testing, Iowa City, IA);
Richard Smith (Marianjoy Rehabilitation Hospi-
tal and Clinics, Wheaton, IL); and Mark Wilson
(University of California-Berkeley School of Edu-
cation, CA).

3.2. Creating national databases

Every scale calibrated to fit a probabilistic mea-
surement model prepares the ground for national
databases facilitating the comparisons of out-
comes and treatment quality. When the calibra-
tion values of an instrument’s items are found to
be stable across thousands of patients, hundreds
of therapists, dozens of hospitals, and years of
time, as has been found to be true for both the
PECS and the FIM, much of value has been
learned about the variable that instrument mea-
sures. When similar items from two or more
instruments designed to measure the same vari-
able calibrate in the same order and with similar
spacing, even though the calibration studies have
been conducted on entirely different samples of
patients (although they are from the same general
population), as has happened with the PECS and
the FIM Motor Skills scales, confidence in the
structure of the variable is boosted still more.

When analogous instrument structures are in-

dependently calibrated and result in scale posi-
tions as similar as those found for the PECS and
the FIM, the time is ripe for calibrating a gold
standard for a national database. At this point,
the specific diagnostic groups for whom the cali-
brations hold must be carefully determined. Data
on both instruments on a sample of 100-200 such
patients chosen as representative of the relevant
diagnoses and levels of independence must be
obtained. As long as all of the instruments in-
volved have already been independently cali-
brated on thousands of patients, and their items
already exhibit stable and similar scale values,
there is no reason to demand a larger size sample
than 100-200 patients for the cocalibration.

At this point a number of comparisons will be
needed to ascertain the stability and constancy of
the unit of measurement. Basic standards for
such measurement method comparison studies
exist [93,94]. In order to overcome the inadequa-
cies of correlation coefficients, graphical methods
of comparison, involving plots of scales’ common
item calibrations and of the measures produced
on a common sample by each instrument, are
recommended.

First, the scales’ original independent calibra-
tions must be compared with independent cali-
brations derived from the new, smaller sample.
Significant variation in these independent calibra-
tions would indicate that the samples are not
sufficiently representative of the population to
proceed further with the cocalibration of the in-
struments. Calibrations based on subsamples of
each of the independent calibrations, such as can
be obtained by dividing the data according to
assessment status (admission versus discharge) or
diagnostic group, should also be compared to
further establish construct validity.

Second, each instrument’s measures, as these
are independently derived from the common co-
calibration sample, must be compared. The rela-
tive value of patients’ measures should not differ
by more than an error or two across instruments.
If these values differ to a statistically significant
degree, the source of the variation must be identi-
fied and eliminated before proceeding.

Third, the instruments should be treated as a
single super-instrument in an analysis that com-
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bines all of their items into a single cocalibration.
The measures produced by this cocalibration
should then be compared with the measures pro-
duced by the instruments’ separate, independent
calibrations. If the two prior steps have produced
adequate results, it is unlikely that any problems
would emerge at this point.

Fourth, each instrument’s items should be an-
chored at their cocalibration values and used to
generate a new set of measures on the cocalibra-
tion sample in independent analyses. The mea-
sures resulting from each instrument’s anchored
values should then be compared with the cocali-
bration measures, with one another, and with the
measures produced earlier from the unanchored
independent analyses.

Should extensive data be available for one or
both instruments, it may be desirable to add these
instrument-specific ratings to the analysis at this
point. If data are available for one instrument
only, these could be added to the cocalibration
analysis and the item scale values examined for
variation from the smaller joint sample results. If
data on separate patient samples are available for
both (or all) instruments, using the cocalibration
sample to link the two instruments would gener-
ate measures in a common unit of measurement
for all of the persons rated in one analysis, elimi-
nating the need to establish cocalibration values
in one analysis and then to generate measures for
each instrument’s independent data sets in two or
more separate, anchored analyses.

If all of these comparisons support the hy-
pothesis that the measures are statistically identi-
cal (within an error of each other), it should be
considered reasonable to anchor each
instrument’s items at their cocalibration values.
The measures produced by these items can then
be used for program evaluation, quality assess-
ment and improvement, accreditation, treatment
planning, research, marketing, etc., and be under-
stood as representing constant amounts of the
variable in question.

For making hospital by hospital comparisons,
however, it will be necessary to adjust the mea-
sures by the variables that impact and influence
gains and discharge functional independence sta-

tus. A multifaceted measurement design could
adjust measures according to the influence that a
patient’s admission status, age, length of stay, and
time from condition onset to treatment have on
her or his outcome. Once statistically significant
groupings in the influencing variables have been
identified, rating scales could be devised to label
the groupings for analysis. Since these rating
scales will likely vary in the number of rating
points and in their substantive meaning, a partial
credit model [19,72,91,92] will be required.

The FACETS [44] computer program is capa-
ble of specifying and fitting multifaceted partial
credit models. FACETS would determine not only
the differences between people’s levels of functio-
nal independence and the difficulties of the func-
tional assessment items, but would also adjust
these differences by every other modelled facet
(admission status, age, length of stay, and time
since onset). The tables in the FACETS output
include an all-facets variable map in which the
positions of all persons, items, and rating scale
categories for each facet are displayed. This table
makes it possible to see the quantitative relation-
ships among the facets modelled.

For instance, consider the amount of extra gain
in functional independence associated with one
rating scale unit of increased length of stay (which
would represent some predetermined number of
days). This extra gain would be graphically and
quantitatively presented as an amount relative to
the difference between two particular functional
assessment items, or between two rating scale
points for a single item. Gains associated with the
differences between rating scale points for every
other facet would be similarly presented, with the
influence on the patients’ functional indepen-
dence attributable to each facet separated from
the influence due to the others.

Finally, the validity and reliability of any instru-
ment’s calibration, once established, are not per-
manent. Changes in the patient population, for
instance, might cause some areas of functional
independence to increase or decrease in dif-
ficulty, changing the meaning of the measures.
Instrument calibrations should be routinely moni-
tored and recalibrated as a matter of course.
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4. Implications for healthcare reform

4.1. The role of functional status in determining
reimbursement

New health status ICD9 codes are being re-
searched for the purposes of setting up a prospec-
tive payment system for ambulatory care [100].
The Health Care Financing Administration
(HCFA), Office of Research and Demonstrations,
has supported studies utilizing 27 PECS items,
most of which have been modified from their
seven-point rating scales to a four-point scale for
application at the higher levels of functional inde-
pendence exhibited by clients of outpatient clin-
ics, who are the focus of the study. Should this
system be implemented, will it require the admin-
istration of this particular set of PECS self care,
ADL, mobility, speech, psychology, and pain
items? Could the H-codes also be derived from
the FIM or the PECS, or any other instrument
that measures the relevant constructs?

With the emergence of the Rehabits concept,
the answers to these questions may be surprising.
An instrument that measures only motor skills
and cognition, such as the FIM, will not, of course,

be able to capture information outside of those -

domains. However, should the motor and cogni-
tion dimensions be sufficient for predicting re-
source consumption in some specific instances,
then any instrument that can be shown to mea-
sure these constructs through co-calibration with
the H-codes will be able to use the resulting
Rehabits as a medium for converting scores
between scales for those instances. From this
perspective, the answer to the question ‘is it nec-
essary for HCFA to mandate the use of one
particular functional assessment instrument for
reimbursement, probably the FIM?’ is ‘no’.

4.2. Levels of care

The need for more careful management of
clients’ financial resources is leading to a notion
of ‘cascading’, or moving clients through a series
of levels of care targeting the intensity, duration,
and site of treatment according to the best medi-
cal assessment of that person’s capacity to bene-
fit. [55,101-105]. As rehabilitation moves away
from its traditional discipline-oriented focus to-

ward diagnostic group-oriented product lines,
functional assessment instruments calibrated to
measure the complete range of impairments, dis-
abilities, and handicaps treated in SNF-based,
acute care units, free-standing in patient facilities,
day hospital, outpatient, transitional living cen-
ters, and home health contexts will be used to
monitor the flow and performance of clients
through the system [100-102]. Fig. 3 is a hypo-
thetical graphic report that could be used to
convey this information; it shows how admission
and discharge statuses, gains, and admission and
discharge percents independent, for different lev-
els of care, can be compared and related to one
another on a single continuum of functional inde-
pendence measurement. Figs. 4 and 5 show the
same measures, for a hypothetical neuromuscular
rehabilitation program, on each of the five PECS
LifeScales.

Although these graphs can be understood as
saying that a person with a measure of 20 has less
functional independence than someone with a
measure of 40, the numbers do not indicate just
what people with these measures can and cannot
do. Figs. 3 and 4 need an interpretive aid that
connects the measures shown back to the con-
crete substance of the original ratings, thereby
taking advantage of the transparency of the in-
struments, Fig. 6 provides that information for
any measure on the five scales. Because the
numerical scales in the graphs are in the same
unit as the grid of descriptive text in Fig. 6, it is
easy to connect the graphics to the narrative
description of abilities.

Fig. 7 is a format that puts more of the infor-
mation relevant to the interpretation of the mea-
sures on one page. The ranges of measures rele-
vant to each box in the grid in Fig. 7 are the same
as the skill bands shown on the left side of each
measurement continuum in Fig. 6; these are
ranges in the scale that differ to statistically sig-
nificant degrees. Some scales are more sensitive
than others, so they have different numbers of
skill bands. Fig. 6 can be configured as a report
on individual patients for facilitating communica-
tion in treatment team conferences, with refer-
ring physicians, or with case managers. It could
also work as a program evaluation report, showing



18 W.P. Fisher et al. / NeuroRehabilitation 5 (1995) 3-25

100W
80 w
60 o
40 «o

20 «o

Functional iIndependence (Rehabits)

o] I _
SNF-BASED DAY TREATMENT
INPATIENT

LEVEL OF CARE

]
HOME HEALTH
OUTPATIENT

w100

p 80

60

p 40 ADMIT % INDEP
DISCHG % INDEP

20 [l ~omiT Fune sTATus
DISCHG FUNC STATUS

0 GAIN FUNC STATUS

Fig. 3. Idealized change in functional independence across levels of care.

average measures for groups of patients in a
specific treatment program during a specific time
period. As such, it might also be used to indicate
historical standards, such as when a prior fiscal
year’s performance is used as a basis for evaluat-
ing program performance in the current quarter.

If functional status were universally measured
in the same units, reports such as these would
communicate to each of their readers the infor-
mation they need to best perform their jobs. The
transparency of the instruments would allow clini-
cians to see the finest levels of detail in a mea-
sure, enabling them to know immediately what
safety precautions and what form of treatment
are relevant. Managers, third party payors, and
referring physicians would be able to answer
larger questions concerning patients’ abilities to
dress, feed, or bathe themselves at a glance. Ac-
creditors who travel from facility to facility would
no longer be hampered by units of measurement
that vary from one program evaluation depart-

ment to the next. The persons treated will benefit
not just from the lower costs that each of the
foregoing points will make possible, but from
research results that are more easily communi-
cated, evaluated, and implemented.

5. Conclusion

The computerized medical record is expected
to evolve from its current centralization within
individual treatment sites (hospitals, doctors’ and
dentists’ offices, pharmacies) to being distributed
within those sites to being longitudinal and virtual
[106,107]. The evolutionary leap from the central-
ized to distributed record is being driven by the
shift from mainframes and minicomputers to
client/server architectures. As the infrastructure
of the information superhighway grows, the com-
puterized medical record will be decentralized
and accessible from any treatment site that the
patient chooses. Among the many procedural,
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Fig. 4. Quarterly program monitor and evaluation report: initial and discharge functional status. The horizontal line in each chart
represents the transition from dependence to independence. Only patients who completed treatment are included.

technical, and legal issues that need to be resolved
to make this scenario a reality is the problem of
the dozens of data standards that will have to be
set and agreed upon.

Standard functional status, health status, qual-
ity of life, and other satisfaction, attitude, and
ability measures are only a small part of the

communications and connectivity problems we
face in fostering the growth of the planet’s com-
puterized neurology. The problem of gold stan-
dards is an imposing one, however, as even a brief
consideration of historical metrology [108] shows.
The role of measurement standards in the politi-
cal and economic history of Europe has been
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crucial, with huge amounts of taxes, profits, and
commercial value, not to speak of cultural au-
thenticity and identity, riding on measurement
consistency. To date, the measurement of functio-
nal independence has been akin to the weights
and measures of the Middle Ages, when every
burg had its own standards. The techniques and
tools of rating scale measurement have thus far

been confined largely to the academic researches
of educators and psychologists. The information
superhighway is about to place these endeavors in
a far more public forum. Let us work together to
create and adopt rating scale measurement stan-
dards that will assure uniform data quality, be

relatively painless to implement, and be enforce-
able.
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AVERAGE MEASURES

PECS # Functional Assessment Profile LifeScale
ft = Units
S5 % 90+
4 9 i
60
304
Impairment Applied Motor Cognitive Community
Severity Self Care Skills Skills Reintegration

“Z= Admission Status ¥ = Discharge Status = = % Gain = % Independent

Skl" Levels

'j_impairment
~ Severity
. Band 2

A'p'pxied-

if care activities,

+Cognitive. .~

= Skills:

- Band 3
Community:
‘Reintegration’

Band'3

Ll rmorporanng understandzng of sabtllty:m practlce
o wilk'occasionally: participate inleisure ac_:twmas with encouragement - .

Fig. 6. Rehabilitation outcome reporting system with PECS®©.
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Impairment Applied Motor Cognitive Community
Severity Self Care Skills Skills Re-entry
Skill NEUROMUSCULAR CLIENTS IN THESE SKILL BANDS TYPICALLY:
Band
5 « feed, ambulale, and dress within s verbally communicate needs:
normal limits, or nearly so; converses;
« prepare complele meals and do « leam new behaviors with slight
housework with no supervision, external structure
bul with adaptive equipment. « participate fully & gains full
benefit from group activities
4 regularly adhere to bowel & « feed wilhout assistance; are alerl, oriented, & produce * communicate needs verbally
bladder programs; « ambulate independently with speech within normal limits; with difficulty,
performs or directs aclivities assistive device read complex material; wriles » are independent in living 50-
safely, and knows medicalions, e dress and bathe UE with minimal difficulty; 75% of time;
with lapses fewer than 25% of independently; initiate discussion of needs; « are emolionally distressed by
the time. e dress and bathe LE seeks guidance. condition & prognosis.
independently with adaptive
equipment.
3 '« exhibit mild to no range are 100% able to direct * must be supervised in feeding exhibit minimal impairment of + leam with consistent external
of motion limits in bowel/bladder program, with & UE bathing; alertness; structure & behavior
involved extremity(s); physical assistance; s require minimal physical have mildly impaired long term reinforcement;
o exhibit mild to no motor are > 50% able (o assistance in UE/LE dressing, memory, basic intellectual s have family beginning to
loss and involuntary perform/direct activilies safely LE bathing, & walking; skills, orientation, and attention; enhance adaplation;
movements in one w/ cues; = require moderale assistance in read phrases & concrele » are independent in living 25-
extremity needs cues for 50% knowledge light meal preparation. sentences. 50% of time;
of medications * are aware of condilion, do not
accept prognosis.
2 « exhibit moderate to severe are about 75% able to direct * require minimal assistance in respond to stimulus « require repetitive, simple
© range of motion limits in bowel/bladder program, w/ feeding & UE bathing; automatically or inconsistently, instruclions lo leamn;
involved extremity(s)., assistance, *  require moderate assistance in quickly forget information; * can, but do not, express feelings
o exhibit moderate motor are < 50% ableto UE/LE dressing & walking; confabulate; or needs;
loss & severe perform/direct activities safefy * require maximal assistance in produce automatic or imitative * have impaired conversational
spasticity/dystonia in 2 w/ cues; meal preparation language; skills, but will answer direct
extremitiesitrunk. needs cues for 75% knowledge copy lelters, numbers, some questions;
of medications. words, reads words. * are 100% dependent
1 o exhibit severe range of are less than 50% able to direct ~ « require moderate assistance in have severe to marked » exhibit uncontrolled behavior,

motion limits & postural
deviations in all
extremilies and spine;
exhibit severe motor loss
and dystonia or spasticity
in all 4 extremilies

or participale in bowel/bladder
program;

may show no awareness of
safety issues;

may show no knowledge of
medications;

completes no self care
activities.

feeding;

require maximal to moderate
assislance in UE bathing, bed
position changes, & hygiene;

impairment of slertness;

are extremely to severely
impaired is long term memory,
basic intellectual skills,

require maximal in
all other mobility skills &
ADLs.

ori and
show little or no comprehension
of printed or auditory stimuli.

exhibit minimal or no skills in
interpersonal relations;
are unaware of disability.
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