
Clinician’s Commentary on Dang et al.1

Dang et al.’s article in this issue of Physiotherapy
Canada investigates whether the predictive equations
from the well-known and widely used Chedoke-McMaster
Stroke Assessment (CMSA) are accurate enough for pro-
gnostication.1 The reader is likely familiar with this
assessment approach, which is based on classifying the
recovery of hand, arm, leg, foot, and postural control
into seven categories that correspond to seven stages of
motor recovery.2 The aim of this classification system is
to predict what stage of recovery the person with stroke
is likely to attain, so that discharge planning from reha-
bilitation can be optimized and treatments can target
progression to higher stages.

Re-evaluating these regression equations is a good idea
for several reasons. First, at the time the original studies
were published in the 1980s, the statistical assumptions
underlying the use of statistical models were poorly under-
stood by clinical researchers. Interestingly, I was the
original reviewer of the Gowland’s 1984 article,3 and at
the time raised statistical issues about the model’s as-
sumptions (I was then a PhD student in the Department
of Epidemiology and Biostatistics). Using a regression
equation to predict a future stage was considered quite
novel in the physiotherapy field at the time, and the
work on the development and testing of the CMSA was
otherwise exemplary; for this reason, these first equa-
tions were published. Revised equations were subse-
quently generated on a new sample of 182 patients, and
these were reported in the CMSA manual, published in
1995.4

In the decades that followed Gowland’s original pub-
lication,3 new theories of stroke recovery emerged, in-
cluding motor control and task practice, which raised
questions about the need to think in terms of stages of
recovery and synergies.5,6 This era also brought modern
psychometric methods to develop and refine measures
of motor skills, and the rehabilitation field became richer
for the application of Rasch modelling and Item Re-
sponse Theory to retrofit existing measures and develop
new ones.7–16

Now is the time to re-examine our existing measures
in the light of changes to theory and to statistical and
psychometric methods, as Dang et al.1 have done by
undertaking a revalidation of the predictive equations
from the CMSA manual.

The authors’ methodology was essentially to apply
the original equations to new data. For the impairment
outcomes—hand, arm, foot, leg, shoulder pain, and pos-
tural control—the old equations showed acceptable ‘‘fit’’
to the new data (i.e., there was little ‘‘shrinkage’’), but

with very wide confidence bands, indicating that each
prediction could be off by e2 stages. Since the Im-
pairment Inventory is scored on a seven-point scale
(1 ¼ flaccid paralysis; 2 ¼ spasticity is present and felt as
a resistance to passive movement; 3 ¼ marked spasticity
but voluntary movement present within synergistic pat-
terns; 4 ¼ spasticity decreases; 5 ¼ spasticity wanes but
is evident with rapid movement at the extremes of range;
6 ¼ coordination and patterns of movement are near
normal; 7 ¼ normal movement), this degree of error is
too large to provide a confident prediction of a patient’s
outcome. The fit of the equations for gross motor func-
tion, walking, and activity greatly exceeded the threshold
for reproducibility (i.e., showed high shrinkage), indicat-
ing that prediction of these domains is poor.

Several assumptions must be satisfied for correct in-
terpretation of the results of a linear regression model.17

Linear regression is used when the outcome of interest is
measured on a continuous scale (i.e., when it can theo-
retically have any value within a range). For the CMSA
impairment inventories, however, the outcome is not
continuous but ordinal (i.e., 0, 1, 2, 3, etc.). Gowland
originally identified this as a statistical issue, but in
1984, doing ordinal regression was not a realistic option,
given the existing software.18,19 Ordinal regression is now
part of standard statistical packages, however. The key
assumption of linear regression is linearity—that is, that
the relationship between the outcome (discharge status)
and the predictor (baseline status) is linear. In the study
by Dang et al., this assumption did not hold for the hand
and arm domains, and the authors nicely show the
curvilinear relationship.1

These are not the only assumptions of linear regres-
sion. The distribution of the outcome variable (discharge
stage) needs to be normal within levels of the predictor
variable (baseline stage); information on this assumption
is not presented. In addition, predictors are fixed varia-
bles, and are optimally measured without error; if there
is measurement error on the predictors, these errors must
not be correlated with the measurement error of the out-
come. In this case, correlated errors exist, as measure-
ments at baseline and discharge stages share the same
sources of imprecision.

For the most part, having the wrong model is expected.
According to the well-known statistician George Box,
‘‘Essentially, all models are wrong, but some are use-
ful.’’20(p.424) The usefulness of the CMSA model appeared
on my radar again when, in designing guidelines for the
SCORE project,21 the team considered using the CMSA
prediction equations as a way to decide what type of
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therapy a person in rehabilitation for stroke would re-
ceive. If treatment decisions are made based on these
prediction equations, people at CMSA stages a2—those
predicted not to progress—would not receive ‘‘active’’
task-oriented treatment but, rather, would be taught
compensatory strategies. At an investigators’ meeting, I
presented data from a study conducted by our research
group14,15 that included data on the CMSA and other
measures. The study sample consisted of data from 235
people at 3–7 days and 3 months post stroke; we found
that 44% of people measured at stage 2 or below for the
arm 3–7 days post stroke did in fact progress to stage 4
or beyond by 3 months (versus only 11% for people at
stage 1). This proportion is equivalent to a ‘‘number
needed to treat’’ (NNT) of 2.3—meaning, essentially, that
2.3 people at stage 2 would need to be treated for 1
person to progress. This seems to me a fairly high yield
of good outcomes for the effort invested. In addition,
people at this stage also made clinically relevant gains
in terms of other important outcomes.

My conclusion from these data was that there is
insufficient evidence to recommend changing current
practice and withholding active treatment from people
at CMSA stage 2, unless, of course, we assume that all
the progress is made between 3 days post stroke and the
start of rehabilitation (at about 18 days post stroke), after
which no further progress will occur.

We subsequently also applied the original regression
equations to this data set, and found that the R2 for the
arm stage was 0.61—showing a shrinkage of 0.18, past
the threshold for reproducibility. Shrinkage for the other
impairment inventories ranged from 0.18 to 0.31, except
for postural control, which showed no shrinkage.

Dang et al.1 are to be congratulated for ‘‘myth bust-
ing’’ with respect to prediction using the CMSA. Many
of our measures are undergoing revision in light of
modern psychometric and statistical methods, and ulti-
mately this effort will produce better measures. Better
measures will lead to better treatments, because—to
quote Lord Kelvin—‘‘If you cannot measure it, you cannot
improve it.’’*
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