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Abstract The selection of an appropriate outcome measure is
crucial to the success of a clinical trial, in order to obtain
accurate results, which, in turn, influence patient care and
future research. Outcomes that can be directly measured are
mortality/survival. More frequently, neurology clinical trials
evaluate outcomes that cannot be directly measured, such as
disability, cognitive function, or change in symptoms of the
condition under study. These complex outcomes are abstract
ideas or latent constructs and are measured using rating scales.
Functional rating scales typically assess the ability of patients
to perform tasks and roles for everyday life. Rating scales
should be valid (measure what they are supposed to measure),
reliable (provide similar results if administered under the same
conditions), and responsive (able to detect clinically important
changes over time). The clinical relevance of rating scales
depends on their ability to detect a minimal clinically impor-
tant difference, and should be distinguished from statistical
significance. Most rating scales are ordinal scales and have
limitations. Modern psychometric methods of Rasch analysis
and item response theory, termed latent trait theory, are in-
creasingly being utilized to convert ordinal data to interval
measurements, both to validate existing scales and to develop
new scales. Patient-reported outcomes are being increasingly
used in clinical trials and have a role in clinical quality assess-
ment. The PROMIS and NeuroQoL databases are excellent

resources for rigorously developed and validated patient-
reported outcomes.
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Introduction

BWhen you can measure what you are speaking about, and
express it in numbers, you know something about it^, said
Baron William Thomson Kelvin, after whom the Kelvin tem-
perature scale is named. The essential question in a clinical
trial consists of 4 elements, familiar to epidemiologists as the
acronym BPICO^: population, intervention, cointervention,
and outcome. Two other features, timing and setting, are use-
ful in specific clinical situations [1]. A clinical trial question
may therefore effectively be summarized as follows: in a pop-
ulation of patients with the condition of interest, X, does the
intervention in question, Y, as compared with Z, result in
outcome O? The selection of the population, intervention,
and cointervention are all intuitively important aspects of
the trial design, but without selecting an appropriate out-
come, and a rigorous method of measuring that outcome,
the trial is futile. Reliable results cannot be obtained without
an accurate and applicable outcome measure. As the number
of treatment options for neurologic disorders expands, rigor-
ous demonstration of efficacy, as measured by well-designed
outcome measures, is necessary for approval by the Food
and Drug Administration (FDA) or similar regulatory bodies,
and, in turn, frequently defines reimbursement by third-party
payers.

An obvious maxim is that the outcomes measured
should be clinically relevant to the patient. The major
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types of outcomes assessment include all-cause mortality/
survival, biomarkers, and clinical outcome assessments
(COAs; Table 1). A COA Bis any assessment that may
be influenced by human choices, judgment or motivation
and may support either direct or indirect evidence of treat-
ment benefit. Unlike biomarkers, they rely completely on
an automated process or algorithm. COAs depend on the
implementation, interpretation, and reporting from a pa-
tient, clinician or observer. The four types of COAs are
clinician reported outcome measures (CROs), patient re-
ported outcome measures (PROs), observer reported out-
come measures (OROs) and performance outcome
m e a s u r e s ^ ( h t t p : / / w w w . f d a . g o v / D r u g s /
D e v e l o p m e n t A p p r o v a l P r o c e s s /
D rugDeve l opmen tToo l sQua l i f i c a t i o nP rog r am /
ucm370262.htm). Performance may be measured either
by direct observation and quantification such as timed
tests, or by reports of what activities can be performed
from patients or caregivers.

A direct and obvious outcome, requiring little measure-
ment is mortality/ survival time. More frequently in neurolo-
gy, clinical improvement is measured by a constellation of
outcomes such as improvement in weakness or degree of dis-
ability, ability to perform activities of daily living (ADLs) or
instrumental ADLs, improvement in cognition or behavior, or
change in symptoms specific to the condition of interest.
These complex outcomes, termed Blatent constructs^ or
Blatent variables^, are abstract ideas that cannot be measured
directly; they are usually measured using rating scales or in-
struments. The scales relate a factor or variable that can be
observed (the manifest variable) to the latent construct. For
instance, the manifest variable of ability to run may be used to
measure the latent construct of disability. A rating scale or
instrument is composed of items, which are the fundamental
units of measurement. Each item of the scale measures a man-
ifest variable that is related to the latent variable, and takes on
a specific value, depending on the magnitude of the latent
variable in the respondent [2, 3]. Therefore, rating scales use
numerical values to represent the characteristics of the out-
comes being measured. The latent construct of pain can be
operationalized in this paradigm into several items describing
the frequency, severity, duration, character, and so on, each of
which can be rated or ranked by numbers reflecting a magni-
tude of each item response. Rating scales are commonly used
as primary or secondary outcomes in clinical trials. The accu-
rate measurement of the effect of an intervention and detection
of clinical changes depends directly on the quality of the rating
scale. The quality of the rating scale also has implications for
sample size estimations in study design because sample size
estimations take into account the expected effect size, or dif-
ference in outcome between the control and treatment groups
[4]. The science of measuring and analyzing psychological
variables is referred to as psychometrics, and the term

clinimetrics is applied to the design, administration, and inter-
pretation of tests to measure clinical and epidemiologic out-
comes, such as symptoms or signs, disease progression, or
ADLs [5, 6]; these methods are increasingly being applied
for accurate measurements of outcomes [3]. They are used
to evaluate existing rating scales, as well as in the develop-
ment of new scales.

Clinical trial outcomes may be reported by clinicians, pa-
tients, or observers/caregivers. CROs are assessments that are
performed by investigators with some professional training
related to the measurement and interpretation of the outcome.
They involve interpretation of observable manifestations or
phenomena related to the condition of interest. CROs may
be performance measures such as the Timed Up and Go
(TUG) test [7], rating scales such as the modified Ashworth
scale for spasticity [8], or global ratings of change (Clinical
Global Impression) [9]. CROs may also consist of readings,
where the clinician collects physical data such as number of
swollen joints, and so on. These tend to be less relevant to
neurology. More recently, there has been an emphasis on
PROs and instruments or scales that are designed to capture
them. PROs are measures that are directly obtained from pa-
tients without interpretation by clinicians or caregivers [10].
Objective measures and CROs may not provide information
about the effectiveness of the intervention from the patient’s
perspective, and may not correlate well with patients’ view-
points of health or well-being. In some diseases such as epilep-
sy, objectivemeasures such as survival may not be pertinent; on
the contrary, patient reports of seizure frequency and adverse
events are more germane to evaluate the effectiveness of a new
anticonvulsant drug. In other conditions such as restless leg
syndrome, patient’s perceptions of their symptoms, and the
symptoms’ impact on functioning are the only outcomes that
can be measured because there is no clinical standard. These
outcomes are typically measured using PRO instruments which
measure symptom status, functional status, or quality of life.
Some rating scales, such as the Unified Parkinson’s Disease
Rating Scale [11], combine PROs and CROs.

The term functional outcomes may be used to represent
measures that reflect overall health status. Functions have
been defined in this context as Bthe manner in which a patient
can successfully perform tasks and roles required for every
day that are meaningful to the patient and part of typical life^
(http://www.fda.gov/Drugs/DevelopmentApprovalProcess/
DrugDevelopmentToolsQualificationProgram/ucm370262.
htm). The World Health Organization International
Classification of Functioning, Disability and Health
recognizes that function is a multidimensional concept
operating at the level of the body and structures (physical
impairment), at the level of the individual (functional
activity or disability) and in societal participation (handicap)
(ht tps: / /www.cdc.gov/nchs/data/ icd/ icfoverview_
finalforwho10sept.pdf). Functional status may be measured
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by performance based tests that are assessed by the clinician
(TUG) [7], or by patient/caregiver reports of the ability to per-
form specific tasks or ADLs [Amyotrophic Lateral Sclerosis
Functional Rating Scale-Revised (ALSFRS-R)] [12].

Assessing the Clinical Relevance of Functional
Rating Scales

The selection of a functional rating scale depends on 2 major
factors: first, does the scale measure what it is supposed to,
that is, does it have face validity; and, second, is it clinically
relevant, that is, are the outcomes measured by the scale im-
portant to patients? Several types of validity are used to deter-
mine the ability of a scale to measure a clinically important
change (see section BThe Ability of a Rating Scale to Measure
a Clinically Important Difference^). However, face validity is
an overall subjective impression of agreement between the
outcome to be measured and what is actually measured by
the scale. It is a simple Bface-value^ assessment. A scale that
measures mobility will not necessarily provide information
regarding quality of life, although it may have some predictive
value for this construct, because impaired mobility may indi-
rectly affect quality of life.

Rating scales may consist of single items or multiple items.
Single-item scales are easily interpreted by clinicians. For in-
stance, stage 2 on the Hoehn and Yahr scale for Parkinson’s
disease provides the clinician a clear picture of bilateral symp-
toms, minimal disability, with involvement of posture and
gait, which is distinguishable from stage 1 or 3 [13].
However, the disadvantage of these scales is their poor reli-
ability, validity, and responsiveness (see section BThe Ability
of a Rating Scale to Measure a Clinically Important
Difference^); reliability is poor because they are associated

with considerable random error [3]. Random errors are fluc-
tuations in measurement due to limitations of the measuring
scale, and are due to chance. For instance, flipping a balanced
coin 10 times will not yield 5 heads and 5 tails (Fig. 1).
Validity of a single-item scale is low because it is impossible
to measure complex latent constructs such as disability or
quality of life with a single question. Single-item scales can
also be limited by their subjectivity where there is no reference
framework or context (they are too vague), and hence different
subjects use their own frames of reference [3]. For instance,
the terms Bslight increase^, Bmore marked increase^, or
Bconsiderable increase^ in muscle tone on the modified
Ashworth scale are susceptible to subjective interpretation
by the clinician, although further definitions of these terms
are provided [8]. The ability of single-item scales to detect
change (responsiveness) is also problematic because each
division of the scale encloses a broad range of the variable
being measured; consequently, sensitivity to detect small
changes is low [3].

Multiple-item scales consist of a set of items, each with
multiple ordered response categories which are assigned a
numerical value. The scales combine numerical values from
all of items into a composite value, called the raw score,
summed score, or scale score. This composite score is a mea-
sure of the latent variable that the scale is meant to estimate
[3]. There are advantages to this approach; reliability is im-
proved because the combination of multiple items reduces
random error. Because the variables are broken down into
multiple smaller components, validity and responsiveness
are also improved [3]. The main disadvantage is that they
are not as easily interpreted as single-item scores. The
Barthel Index for ADL assessment is an example of a multiple
item score, ranging between 0 and 100 across 10 items [14].
The composite score is useful to compare patients but does not

Table 1 Types of outcome
measures Type of outcome measure Example

Direct, objective Mortality/survival

Biomarkers Physiologic parameters such as blood pressure, laboratory tests on blood
or other specimens or tissues

Clinical outcome assessments:*

Clinician-reported outcomes Modified Ashworth scale for spasticity

Patient-reported outcomes Short Form-36 general health survey for quality of life

Observer-reported outcomes School Function Assessment to evaluate students’ participation in academic
and social functions in elementary school

Performance outcomes† Timed Up and Go test for mobility

Amyotrophic Lateral Sclerosis Functional Rating Scale- Revised

*BClinical Outcome Assessment (COA) is any assessment that may be influenced by human choices, judgment or
motivation and may support either direct or indirect evidence of treatment benefit. COAs depend on the imple-
mentation, interpretation, and reporting from a patient, clinician or observer^ (http://www.fda.
gov/Drugs/DevelopmentApprovalProcess/DrugDevelopmentToolsQualificationProgram/ucm370262.htm)
† Performance outcomes may be measured either by direct observation and quantification such as timed tests, or
by reports from patients or caregivers.
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provide details of the patient’s level of independence with re-
spect to specific activities. A score of 20 does not explicitly
inform the clinicianwhat activities can and cannot be performed.
The scores obtained from multiple-item scales can be used for
group comparisons but not for absolute measurements of a sin-
gle subject [3]. The selection of single-item versusmultiple-item
scales, however, is dependent on the specific context.
Longitudinal assessments or population studies often use the
simpler single-item scales because of the time burden and great-
er potential for missing responses withmultiple-item scales [15].

Rating scales can also be classified as generic measures and
condition specific measures. Generic scales measure aspects
of health-related functioning, such as mobility (TUG test) [7],
quality of life [Short Form Health Survey (SF-36)] [16], and
physical and social health (Sickness Impact Profile) [17].
Condition-specific scales, as the name implies, measure
changes in 1 or more aspects of the specific condition of in-
terest, reflecting aspects of function that are associated with
that condition. Several such scales are used in neurologic dis-
orders, including the Unified Parkinson’s Disease Rating
Scale [11], ALSFRS-R [12], and Kurtzke Extended
Disability Status Scale for multiple sclerosis [18], to name a
few. Not uncommonly, generic rating scales such as SF-36 are
used to complement the information obtained by condition-
specific scales. The choice of a measure, generic versus
condition-specific entails some thought regarding their scope:
generic measures are broad, providing information about sev-
eral aspects of health and can be used across conditions as
long as they have face validity for the outcome of interest.
They can compare health status in patients receiving different
interventions, or with different diseases. However, they are
not sensitive to small and potentially clinically important treat-
ment changes. They do not capture the outcome of greatest
importance for the particular condition being studied because
they do not isolate the constructs that are most relevant to that
condition. Condition-specific scales, on the other hand, mea-
sure changes in outcomes that are most characteristic of the
condition. However, they are much narrower in focus and may
miss some effects of the intervention [19]. Because complica-
tions represent undesirable outcomes associated with

treatment of a specific condition, scales measuring treatment
complications are usually condition specific [19]. Different
condition-specific scales for the same condition are often
available. In this situation, several factors may influence the
choice of an outcome rating scale, resulting in heterogeneity
of outcome measurement across clinical trials. These diverse
outcome measures cannot be compared readily across studies
of the same intervention except by using statistical methods
such as transforming scores to standardized effect sizes such
as Cohen’s d, which estimate the magnitude of the effect using
a numeric value for each study (see below) [20]. A Cohen’s d
of 0.2 is considered a small effect size; 0.5, a medium effect;
and 0.8, a large effect size [20]. The development of a core
outcome set for a specific clinical condition has also been
suggested as a way of addressing heterogeneity in outcome
measures. These sets are recommended as the minimum out-
comes to be measured in clinical trials of the condition [21].
However, outcomes need not necessarily be restricted to those
in the core outcome set. Although core outcomes will allow
the results of different trials to be compared or combined, the
hope is that researchers will continue to study additional out-
comes. For example, a core set of measures has been proposed
for adult and juvenile idiopathic inflammatory myopathies
[22]. This core set consists of measures in the domains of
global activity, muscle strength, physical function, laboratory
assessment, and extramuscular disease [22]. This core set
measure has been used in clinical trials to enroll patients
(inclusion criteria) and for outcomes assessment [23]. The
Core Outcome Measures in Effectiveness Trials (COMET)
initiative, launched in 2010, brings together researchers
interested in the development of core outcome sets
(http://www.comet-initiative.org/). The COMET database
is an excellent repository of available core outcome sets
by specialty and disease (http://www.comet-initiative.
org/studies/search).

Most studies utilize more than 1 outcome measure.
Statistically, this results in multiple comparisons between
groups. The p-value provides an estimate of the probability
that the observed difference between 2 groups is due to chance
(given the assumption that there is no difference between

Fig. 1 Random error and systematic error. The black center represents
the Btruth^. The individual dots represent the results of studies. (A) The
dots do not fall on the black center is because of a small degree of random
error. (B) The dots are more widely dispersed because of a larger degree

of random error. (C, D) The dots or results of individual studies are off
target because of systematic error. In (C) there is a small degree of random
error, while (D) shows a larger degree of random error (from Gary
Gronseth, MD, with permission)
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groups, i.e., the null hypothesis). If this probability is high
(conventionally set at > 0.05, the significance level, α), we
conclude that the observed difference is due to chance. If this
probability is low (≤0.05), the observed difference is unlikely
due to chance. A p-value of 0.05 implies a 5% probability that
findings are due to chance, yielding a false-positive result.
Thus, the type I (false-positive) error rate is equal to α, the
significance level. The likelihood of finding a positive result
with a p-value of ≤ 0.05 by chance alone increases as the
number of comparisons increase [24, 25]. This means that
if several statistical comparisons are performed, we may
obtain a statistically significant result with p ≤ 0.05 by
chance alone. Therefore, when multiple comparisons are
performed, the p-value that reflects a significant result
should be decreased proportionately. There are several for-
mulae for applying such corrections. The Bonferroni cor-
rection is one such method: the conventional p-value of
0.05 is divided by the number of outcomes to obtain the
Bcut-off^ p-value. If there are 5 outcomes, the p-value for
significance is 0.05/5 or 0.01 [24]. However, the sample size
needed to detect a difference between groups at p < 0.01 is
often considerably larger than for p < 0.05. Therefore, speci-
fying a primary outcome measure apriori is important. For the
primary outcome measure, a standard significance level of p <
0.05 is used [25]. When interpreting secondary outcomes, it is
important to bear in mind that a Bstatistically significant^ p-
value may not be truly significant unless there is an explicit
statement regarding correction for multiple comparisons.

The use of confidence intervals (CIs) around the point es-
timate is also useful to assess the statistical significance of an
outcome [26, 27]. The point estimate is the estimate of the
measure of effect, often expressed as risk difference, relative
risk (RR), or odds ratios. This estimate is based on a study of a
sample of subjects from the population, and it will vary if the
study were to be repeated with different samples from the
population. The CIs provide a range of values within which
the estimate of the true effect would fall were we to repeat the
study several times. A 95 % CI is often chosen; this is simply
the range that includes the true point estimate 95 % of the
time. It provides information regarding the precision of the
study to exclude an effect and also about the direction of the
effect, which a p-value does not provide [27]. If the CI does
not include the estimate for no effect (0 in the case of risk
difference, 1 in the case of RR or odds ratios), it can be as-
sumed that there is a statistically significant effect [26]. For
example, consider the results of 2 hypothetical studies show-
ing the same RR of 2. The RR is the ratio of the probability of
the outcome in the intervention (or exposed) group compared
with that in the nonintervention (or nonexposed) group. The
first hypothetical study has a 95 % CI of 1.5 to 2.5. This
provides several pieces of information. First, the point esti-
mate (the RR of 2) indicates a favorable effect of treatment.
Second, the CI is narrow, indicating precision of the point

estimate. Finally, the CI does not span unity, indicating that
the beneficial effect is statistically significant. Consider the
second hypothetical study with the same RR of 2, but with
95 % CI 0.8 to 6. Although the RR of 2 indicates a beneficial
effect of treatment, the CI spans unity, indicating that the result
is not statistically significant. In addition, the wide CI indi-
cates imprecision in the point estimate, and therefore cannot
exclude potentially important clinical effects on both sides
(both a beneficial effect and a harmful effect of the therapy).
Finally, consider a study with RR 0.98 with a narrow CI of
0.97 to 0.99. This is statistically significant, as the CI does not
cross unity. However, the clinical effect is likely modest be-
cause it is so close to unity.

Methods for Measurement of Functional Outcomes:
Objective versus Subjective, Masked versus
Unmasked: Why Does it Matter?

It has been said that Banything we measure is an abstraction of
reality; anything we measure is measured with error^ [2]. Bias
or systematic error of a clinical trial is a study’s tendency to
measure the intervention’s effect on the outcome incorrectly
(Fig. 1). The problem lies in the study design. Statistical
methods cannot correct systematic errors. The method of out-
come measurement is one factor that determines the risk of
bias of a study. Other factors include randomization, prospec-
tive or retrospective data collection, and so on [1]. The rela-
tionship of outcomemeasurement to the assessor’s knowledge
of the subject’s treatment status is an important determinant of
the risk of bias of the study. Objective outcomes are those that
are unlikely to be affected by observer expectancy bias (the
assessor’s bias causing them to subconsciously influence sub-
jects). Survival is an objective outcome; as also results of a
laboratory test. If the outcome measure is not objective, the
assessment of outcome should be masked or blinded (the as-
sessor is not aware of the treatment allocation of the subject) in
order to reduce observer expectancy bias. If blinding is not
possible (usually in trials of surgical procedures where there
may be obvious clues to the type of intervention), having an
independent outcome assessor, that is, an outcome assessor
who is other than the treating clinician, can also be used to
reduce the risk of bias. Trials where the outcome measure is
objective or double blinded have the lowest risk of bias [1].
Although a laboratory assay is usually considered an objective
outcome measure, it may be limited because it is indirect.
Indirect or surrogate outcomes, focusing on biological or
physiological factors related to the disease of interest, (e.g.,
results of imaging or laboratory testing) are not uncommonly
used in clinical trials as a representative measure of clinical
outcomes. The disadvantage of surrogate measures is that they
may not predict clinically important outcomes [1].
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Several measurement issues influence the utility of rating
scales. The information sourcemay be the clinician, patient, or
caregiver. The information collected may be a report, that is,
addressing how specific tasks are done, or may be obtained by
direct patient assessment. An example of the former is
ALSFRS-R where items assess patient reports of their ability
to carry out specific tasks [12]. The mini-mental status exam-
ination is an example of direct patient assessment [28]. Rating
scales using reports may use patient reports or proxy reports,
for example family or other caregiver information. Because
proxy reports and direct patient reports may not be similar,
consistency for all subjects and across serial measurements is
important. Because the mode of administration (face-to face,
telephone, web-based) can provide different results, this
should also be consistent across subjects and across repeated
measurements [2]. Hence the choice and method of measure-
ment of the outcome is important not only to ascertain that we
are measuring clinically relevant outcomes, but also to make
sure that we are measuring the relationship between the inter-
vention and outcome accurately. Finally, practical consider-
ations that influence the choice of a rating scale include ease
of use, time taken to administer the scale, the need for special
training to administer it, the mode of administration (paper,
web-based, telephone, etc.), and costs.

The Ability of a Rating Scale to Measure a Clinically
Important Difference

The factors that influence the ability of a rating scale to mea-
sure a clinically important difference are its validity, reliability,
and responsiveness.

Validity

Validity is defined as the extent to which the scale measures
what it is intended to measure. It has been stated that
Bvalidating a scale is a process by which we determine the
degree of confidence we can place on inferences we make
about people based on their scores from that scale^ [29].
Although the importance of validity is obvious, it is not easy
to establish. There are several types of validity; however, 3
main types are used to evaluate rating scales: criterion validity,
content validity, and construct validity. Often, they boil down
to face validity as the heart of this operation.

Criterion validity refers to the correlation of the scale
with a gold standard or a previously established measure of
the domain of interest (the criterion). The difficulty with
establishing criterion validity is the requirement for a gold
standard. Criterion validity may be concurrent or predic-
tive. In concurrent validity, the criterion and the scale are
assessed and correlated at the same time [2]; a correlation
between the scale being validated and an established rating

scale, both administered to the same group of subjects on
consecutive days is an example of concurrent validity. In
predictive validity the scale is ratified against a criterion
that is collected at a future time point [2]. A correlation
between high-school students’ standardized testing scores
and future admission to an Ivy League school, for instance,
is predictive validity.

Content validity measures the extent to which the items in
the scale comprehensively cover the concepts of interest [2].
The concepts, or domains, of a rating scale may be expressed
in terms of symptoms, functioning (physical, psychological,
and social), or overall health perceptions or quality of life.
Physical functioning may be evaluated as capacity (what pa-
tients think they can do) or performance (what they can actu-
ally do) [30]. Each of these domains should be measured by
separate subscales [31]. Content validity is difficult to imple-
ment because it is often not possible to sample the entire
domain as the concepts cannot be clearly delineated [31].
Often, content validity boils down to face validity, a judgment
call. An important aspect of content validity is the interpret-
ability of the scale, especially in the case of PROs or observer-
rated outcomes. It has been recommended that rating scales be
developed such that they should not require reading skills
beyond that of a 12 year old [29].

Construct validity tests whether a scale measures the
intended construct [2]. A construct is an abstract princi-
ple that conceptualizes the latent (unobservable) variable
that is being measured. Health-related quality of life
(HRQoL) is a latent variable; in SF-36, a frequently used
scale to measure HRQoL, 8 constructs are used to define
this variable: physical activity, social activity, bodily
pain, mental well-being, usual role activities, fatigue,
and perceptions of general health. These 8 constructs
are measured by 36 items [16]. However, as the latent
variable cannot be observed directly, and has neither cri-
terion (gold standard) nor content (measurable domain),
construct validity has to be tested indirectly. One method
of testing construct validity is to administer the rating
scale to 2 groups of subjects, one of which is predicted
to have the construct or variable being measured, and
another, not to have the variable. If the scale has con-
struct validity, the group with the construct will be ex-
pected to score higher than the group without. However,
in practice, scales should be able to discriminate in the
middle ranges of the characteristic, not just the extremes
[29]. Another way to assess construct validity is to use
correlation. If 2 scales are expected to measure the same
construct, they should be highly correlated (convergent
validity). If they are measuring different latent variables,
they should not be correlated (discriminant validity) [2].
Special statistical methods such as factor analysis can
also be used to determine if the items on a rating scale
correspond to an underlying construct [2].
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Reliability

Reliability is the reproducibility, repeatability, or stability of a
scale. A scale with high reliability gives similar results if ad-
ministered under consistent conditions assuming that the un-
derlying variable it measures has not changed. Reliability is
important because it is determines the ability of a scale to
detect a true difference between measurements. Reliability is
also a prerequisite for validity because unless the measure is
consistent, it is not possible to be certain that the scores accu-
rately measure the variable of interest. A measure cannot be
more valid than it is reliable. The reliability of a scale can be
measured by the degree of random error associated with its
measurements [2, 32]. There are several types of reliability,
each addressing a different source of random error. Most cli-
nicians are familiar with inter-rater and intrarater reliability,
both being forms of test–retest reliability. An additional form
of reliability in multiple outcome scales is internal
consistency.

Reliability can be expressed as [33]:

True variance

True varianceþ error variance

Therefore, the greater the variance due to measurement
error, the lower is the reliability.

Test–Retest Reliability (Intrarater and Inter-rater)

Intrarater reliability evaluates the reproducibility of a scale
when administered to the same individuals after a period of
time. The correlation between the scores of each trial provides
a measure of intrarater or test–retest reliability. The interval
between test and retest is an important consideration when
determining intrarater reliability. If the interval is too short,
memory effects may falsely increase reliability. If it is too
long, there may be a change in the underlying variable, which
will change the scores, with apparent poor reliability, when the
real issue is that the scale has responded to a true change in the
underlying variable [2]. For performance-based measures,
such as TUG [7], or other CROs which require an external
rater, both inter- and intrarater reliability are important.
Intrarater reliability indicates how consistently a rater admin-
isters and scores an outcome measure, whereas inter-rater re-
liability indicates how well 2 raters agree in the way they
administer and score an outcome measure. Thus inter-rater
reliability measures the extent of concordance among raters.
This is important when multiple raters are administering a
scale, as in CROs that are measured by investigators in a
multicenter trial. Unless there is concordance between raters,
that is, 2 raters are in agreement when the scale is applied to
the same subject under similar conditions, comparisons

between scores obtained by the two raters will not be valid.
Inter-rater reliability thus provides a measure of the homoge-
neity between raters.

Intraclass correlation coefficients (ICCs) such as the
reliability coefficient provide an assessment of reliability
[34]. The ICC provides information on the degree to
which repetition of the same test gives the same results
under the same conditions in the same subjects [34]. A
reliability coefficient of 1 indicates perfect reliability
without measurement error, and 0 indicates no reliability.
It is to be noted, however, that ICC is calculated for con-
tinuous data, not ordinal data. The kappa (κ) statistic
(Cohen’s κ) is commonly utilized to assess inter-rater
agreement in scales with nominal data. Some agreement
can occur by chance alone, and the kappa statistic indi-
cates the agreement beyond that expected by chance. The
usual interpretation of the kappa statistic is as follows: <
0, less than chance agreement; 0.01 to 0.2, slight agree-
ment; 0.21 to 0.4, fair agreement; 0.41 to 0.6, moderate
agreement; 0.61 to 0.8, substantial agreement; > 0.81,
near-perfect agreement [35]. To evaluate inter-rater reli-
ability of nominal scales across more than 2 raters,
Fleiss’ Kappa is used [36]. Ordinal measures may be test-
ed for reliability using weighted kappa. Weighted kappa
emphasizes disagreements; in an ordinal scale with re-
sponses of Bnot at all satisfied^, Bslightly satisfied^,
Bneutral^, Bvery satisfied^, and Bextremely satisfied^, we
may be more interested in the extreme responses of Bnot
at all satisfied^ and Bvery satisfied^ than in the minor
differences between Bslightly satisfied^ and Bneutral^. A
weighted kappa assigns larger weights to larger disagree-
ments between ratings using quadratic methods [37]. With
a weighted kappa, disagreement of Bslightly satisfied^ and
Bneutral^ will count as partial agreement, but a disagree-
ment of Bnot at all satisfied^ and Bvery satisfied^ would
be considered no agreement [38].

Internal Reliability or Internal Consistency

Internal reliability or consistency measures the extent to which
items in a scale or subscale are correlated, and therefore mea-
suring the same construct (i.e., are homogeneous). It measures
how closely each item in the scale is related to the overall scale
[2, 31]. The measure of internal consistency is referred to as
Cronbach’s α, which is a type of ICC. Alpha is close to 1
when the items of the scale are highly correlated. However,
this also implies that items in the scale may be redundant
because they are measuring the same construct. Additionally,
α can increase falsely with increasing items on a scale,
reflecting redundant items and not necessarily implying high
internal consistency [2]. It is suggested that an ideal α is 0.7 to
0.8 [39]. Another method to assess internal consistency of
items in a scale is to measure item to total score correlation.
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If the item score does not correlate with the total score minus
the item, it is not an optimal item [2].

Responsiveness

The third factor that influences the accuracy of functional
rating scales is their ability to detect clinically important
changes over time [31, 40]. Responsiveness is also referred
to as a measure of longitudinal validity or sensitivity to
change. When functional outcome scales are utilized to eval-
uate differences between 2 groups of subjects at one time
point, reliability and validity are sufficient. However, for mea-
sures that are designed to evaluate changes over time, respon-
siveness is also a requirement [34, 40]. An example of a non-
responsive item is BI have attempted suicide^ from the
Sickness Impact Profile, a general measure of health status.
A person who responds yes at the first administration of the
scale would logically answer yes in all subsequent adminis-
trations. Therefore, this item is not responsive to changes in
emotional function, or suicide risk [17, 40].

Responsiveness should be assessed by testing predefined
hypotheses regarding the expected differences over time in 2
groups. However, it is important to first clarify the definition
of responsiveness: are we evaluating the scale’s ability to de-
tect changes over time in general, detect clinically important
changes over time, or detect changes in the true value of the
construct? These are related, but not identical, concepts. A
general change is any change, regardless of whether it is clin-
ically relevant. Often, this is a statistically significant differ-
ence over time [34]. This is frequently equated to the concept
of sensitivity to change. Detection of a clinically meaningful
change implies an explicit judgment to define a clinically
meaningful change. Finally, a change in the true value of the
construct is a further refinement of the previous definitions
where it not only requires a judgment of what is an important
change, but also a gold standard for the variable being mea-
sured; this is not easy for latent variables [41]. Responsiveness
can be expressed mathematically as [2, 29]:

Responsiveness ¼ Variance due to change

Variance due to changeþ error variance

Methods for measuring responsiveness are complex. It is
possible to compute statistically the smallest detectable
change of an outcome measure. The smallest detectable
change refers to the smallest within-subject change in score
that can be interpreted as a real change with p < 0.05. Various
methods have been used to quantify responsiveness such as
the effect size statistic (e.g., Cohen’s d) and standardized re-
sponse mean. The general concept is to divide the difference
in means between measure points (e.g., baseline and postin-
tervention) by a measure of variance (e.g., pooled SD for
Cohen’s). However, because these estimates are also linked

to the magnitude of change in response to the intervention,
they are limited measures of responsiveness [42]. Other
methods of quantifying responsiveness are available; these
are beyond the scope of this review [43, 44].

The floor and ceiling effects of an outcome measure also
influence its responsiveness. Floor or ceiling effects are said to
be present if more than 15 % of respondents achieve the
highest or lowest possible score, respectively [45]. If many
respondents initially achieve the highest or lowest score pos-
sible, a change cannot be detected over time. Floor or ceiling
effects also influence reliability, because the subjects with the
lowest or highest scores cannot be differentiated from each
other. It is also possible that there is limited content validity
at the extreme ends of the scale [31].

Interpretability of Rating Scales

The interpretability of an outcome measure is defined as the
extent to which one can assign qualitative meaning to the
quantitative scores obtained by the measure [32].

There is a tendency for clinicians to sometimes focus ex-
clusively on the p-value to interpret the results of a study.
Clinical outcomes should be interpreted in a clinical context.
The oft-repeated phrase Bstatistical significance is not the
same as clinical significance^ encapsulates this point.
Statistical significance is a mathematical parameter which
does not shed much light on the question of clinical impor-
tance.Whether or not an observed treatment effect is clinically
importance requires clinical judgment. It is important also to
recognize that statistical significance and clinical importance
may be discordant. Statistical significancemay be achieved by
a large enough sample size, which reduces random error and
provides the precision to detect small changes in outcomes.
Therefore, changes in functional outcome measures must be
interpreted in the context of the minimal clinically important
difference (MCID). The MCID should be established a priori
in clinical trials. This is usually a somewhat subjective judg-
ment call. MCIDmay be defined as Bthe smallest difference in
a score of a domain of interest that patients perceive to be
beneficial and that would mandate, in the absence of trouble-
some side effects and excessive costs, a change in the patient’s
management^ [46]. The term minimally important difference
has been used to focus on relevant changes in patient experi-
ences. Minimally important difference is defined as Bthe
smallest difference in score in the outcome of interest that
informed patients or informed proxies perceive as important,
either beneficial or harmful, and which would lead the patient
or clinician to consider a change in the management^ [47, 48].

Interpretability of functional measures addresses the ques-
tion: what changes in scores correspond to a large, moderate,
or small benefit? Does a change of 10 points on a quality-of-
life scale mean that the subject is less distressed and
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experiencing higher levels of well-being? Mean changes in
scores are less informative for this determination than the pro-
portion of subjects who achieve a good outcome as measured
by a prespecified degree of change in outcome scores.
Additionally, changes in outcomes between groups of patients
(treatment vs control) are different from within-patient chang-
es over time (pre- and postintervention). Hence, population
MCID and individual MCID are not equivalent [49–52].
MCID are commonly used for sample size estimations.

MCIDs may be estimated using several methods; these
methods generally fall into 2 categories. The first is the
anchor-based method, wherein the scores on the measure of
interest (target) is calibrated with another independent mea-
sure of clinical change, the anchor [50]. Given a range of
anchor scores that corresponds to the MCID, a target score
corresponding to that value is calculated. Alternatively, receiv-
er operating characteristic (ROC) curves can be used. Each
respondent is classified according to the anchor measure as
experiencing a change or not. Specificity and sensitivity of the
target measure scores are calculated based on the anchor, and
ROC curves constructed. The optimal cut point on the target
measure is the one with the least number of misclassifications
compared with the anchor measure. Misclassifications are
false-positives (respondents mistakenly classified as
experiencing a change) and false-negatives (respondents mis-
takenly classified as not experiencing a change) [50, 53].
Changes in scores on instruments measuring dyspnea, fatigue,
and emotional function in patients with chronic heart and lung
disease calibrated against patient global ratings of change
have found that a mean score change of 0.5 on a 7-point
Likert scale corresponds to the MCID [46]. In order to apply
anchor-based methods, an interpretable anchor must be avail-
able, and there must be a clear association between the anchor
and target [50]. Multiple anchor methods compare a target
with several anchors; these methods tend to provide more
information when trying to interpret complex latent variables
such as quality of life, but are more difficult to interpret.
Single-anchor methods, in addition to establishing the
MCID, also provide differences in scores on the target instru-
ment that establish a Bcut-off^ for small, moderate, and large
changes in the outcome variable [50].

The second method of assessing clinical change uses
distribution-based statistics, where the score is interpreted in
terms of the relationship between the magnitude of effect and
a measure of variability, such as standard deviation (SD).
These methods most commonly use effect sizes such as
Cohen’s d or standard mean differences, discussed above
[20]. If the means of both groups are equal, the effect size is
0. An effect size of 0.5 indicates that the difference between
two compared groups is 0.5 SD. In general, 0.5 SD of a con-
tinuous outcome measure is a clinically meaningful difference
[25]. The reader is referred to Brozek et al. [49] and Crosby
et al. [54] for a discussion of other methods. Distribution-

based methods are less labor-intensive than anchor-based
methods. Their main drawbacks are that measures of variabil-
ity such as SD change between studies, and there is no innate
meaning to the numerical effect size [49].

Methodological Aspects of Rating Scales: Ordinal
Scales and Measurements

The assumption when using rating scales is that they provide a
method of measuring, quantifying, and therefore comparing
outcomes in a numerical fashion. Measurement is a process of
quantifying the magnitude of anything in comparison to a
standard. For instance, a weight of 5 lbs indicates a standard
of 1 lb against which the object is compared, and expressed as
a number, 5, times the unit, 1 lb. Therefore, a fundamental
requirement of measurements is to define the standard of com-
parison and unit [55]. In this sense, measurement involves
numbers that can be used in calculations. The numbers main-
tain their values and relationships with each other after math-
ematical operations such as multiplication or division.

Rating scales map out the underlying construct being mea-
sured as a line (continuum) varying from lower to higher,
where people can be located. A person’s total score determines
his or her location on the continuum. This process is referred
to as Bscaling^ [56]. However, ordinal rating scales do not
provide measurements in the scientific sense of the word.
They assign numbers to rank-ordered items, that is, they rank
subjects in an order from high to low, or vice versa, on the
variable of interest. According to classical measurement the-
ory (see next section), these are not measurements in the sci-
entific sense of the word because there is no standard unit of
reference [57]. The ranks are not calibrated against a standard,
because there is no objective Breference^ standard. Hence, by
definition, ordinal scales are subjective measurements [57].
The Likert scale, an ordinal scale familiar to most people,
consists of a statement relevant to the topic to which there
are up to 5 to 7 response choices to rate the degree to which
respondents agree or disagree with the statement. These
choices are scored numerically on an ordinal scale. Although
the responses are ranked by numbers, the difference between
categories of responses is not measurable and may not be
equal. Therefore, the difference between the ranks for
Balways^, Boften^, and Bsometimes^ is not necessarily the
same. The only information provided by ranking is that one
value is greater or less than the other. However, by assigning
sequential numbers to each category, the presumption is that
the intervals between them are equal. This issue also comes
into play with multiple-item rating scales. Because the dis-
tance between ranks is not equal, sum scores cannot be com-
puted accurately. However, numerical ratings for each item are
frequently summed to provide a raw score. These summed
scores are usually treated as interval, linear data and mean
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scores are computed, assuming that the intervals between
rankings are equal. Thus, this process converts a lower, ordi-
nal level of measurement to a higher, interval level of mea-
surement. There is controversy whether this is appropriate;
some authorities support the view that summed scores are
not measurements because of the lack of a unit [3, 58–60],
whereas others believe that ordinal scores are forms of mea-
surement, although less robust [59] and that they approximate
interval data [61]. Ordinal scales make another assumption:
that the distance between the summed scores is consistent
across the range of the scale, which may not be accurate. For
instance, a change in 5 points in the lower end of a scale may
not have the same implication as a change in the same number
of points across the mid- or higher end of the scale [56].

Another limitation of ordinal scales is the subjectivity in-
troduced by the respondent’s preferences and values. For in-
stance, a question regarding quality of life may mean different
things to different subjects based on what they consider ade-
quate or good, and 2 responses may be different even if the
underlying construct being measured is the same. Finally, or-
dinal scales, although useful to make comparisons between
groups, cannot be used reliably to compare changes of indi-
vidual patient scores longitudinally because of their lack of
precision (test–retest reliability). This is because the random
error for an individual can be substantial, resulting in wide CIs
around the scores [45].

It is not uncommon in clinical trials to see dichoto-
mized ordinal scales, where a cut-off point is established
between ranges of scores. For instance, the modified
Rankin scale is often dichotomized into 2 clinical catego-
ries with arbitrary thresholds of not disabled (0–2) and
disabled (3–5). Although this provides ease of clinical
interpretation, dichotomizing scores results in loss of data
on the more subtle categories of disability [3]. Because
each grade of the scale reflects fairly distinct functional
levels, a change of even 1 grade in either direction may be
meaningful clinically. This distinction is lost when the
scores are dichotomized [3, 62].

Interval outcome scales have continuous, linear data.
Unlike ordinal scales, the distance between successive catego-
ries is known and assumed to be equal in interval scales. An
example of such interval data is the Fahrenheit scale, where
the interval between 50 and 55 degrees is the same as that
between 90 and 95 degrees. However, interval scales do not
have a true zero. Therefore, it is not appropriate to say that 80
degrees is twice as hot as 40 degrees [57, 59, 61]. Ratio scales
are interval measures with a true zero. Height and weight,
where there is a true zero, or lack of measure of the variable,
can bemeasured by ratio scales. The ratio between 5 feet and 4
feet stays the same, even when converted to inches. The visual
analog scale is considered by some authorities to represent an
interval or even ratio scale, whereas others argue that it is
nonlinear [63, 64].

The recommended statistical methods for analyzing results
from rating scales are a matter of some deliberation. It has
been suggested that parametric statistical methods (e.g., t test,
that assume normal distribution of the sample, and that data
are derived from an interval scale) be used only with interval
or ratio data and nonparametric tests (e.g.,Wilcoxon rank-sum
test) be used for ordinal data, although this is also subject to
some controversy. The argument for using parametric statis-
tics for ordinal data, which is not an uncommon practice, is
that the sum scores approximate interval data and parametric
statistics can handle the shortcomings of ordinal scales [3, 65].

Measurement Theories: Classical Test Theory
and Latent Trait Theories

A discussion of functional rating scales is incomplete without
a brief discussion of measurement theories. Measurement the-
ories are mathematical models of the factors that affect the
scores generated by rating scales. They can be used to develop
rating scales and also to evaluate existing rating scales. They
explain the relationship of the scale scores to the latent con-
struct, and evaluate if the quantitative conceptualization of the
latent construct has been successfully operationalized [3].
Traditional psychometric methods use the classical test theory
(CTT) [3, 66]. This theory evaluates rating scales in terms of
their reliability, validity, and responsiveness. It assumes that
the observed score (O) is the true score (T) plus measurement
error (E), that is, O = T + E [67]. However, the values of T and
E cannot be computed, and only the observed score is obtain-
ed and analyzed. The theory itself cannot be tested because the
true score and measurement error cannot be measured sepa-
rately, unless some assumptions are made to define error
scores [3, 68]. The true score can then be calculated as T =
O – E. Additionally, the construct being measured is indepen-
dent of the rating scale used; however, both the true and ob-
served scores are rating scale dependent, that is, a respondent
may have unequal scores for disability on 2 different rating
scales, although they both measure the same underlying con-
struct [69]. Conversely, features of the rating scale itself, such
as reliability, are respondent dependent because they are
assessed using responses from subjects [68]. The other limi-
tation of CTT is the conversion of ordinal scores to interval-
like summed scores, and the inherent issues with such an
approach, discussed in the previous section.

In order to overcome the limitations of CTT and to trans-
form ordinal scales to interval measurements, new psychomet-
ric methods, termed latent trait theory (LTT) or modern test
theory have been proposed. The 2 major types of LTTare item
response theory (IRT) [70] and Rasch analysis [71]. These are
also mathematical models and provide statistical methods to
analyze rating scale scores and evaluate the reliability and
validity of the scales. These methods, like CTT, also aim to
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measure the relationship between the true score and the ob-
served score, but they do so by addressing the relationship
between a person’s measurement on the underlying latent con-
struct and the probability of selecting one of the response
options of an item on the rating scale [56]. These methods
evaluate the person’s location on an interval-level continuum
or Bline^ rather than the total score which is ordinal. This
Bperson location^ on the continuum determines the person’s
response to an item. This means that the response to an item is
determined by the patient’s level of ability related to that item.
A person who is severely disabled will logically be more
likely to respond Bno^ to a question regarding running. By
the same token, a person’s response to an item is related to the
level of difficulty of the item. A person who is moderately
disabled is more likely to answer Bno^ to playing sports than
to walking. The theories use a probability of response to indi-
cate that a true prediction is not possible. Finally, in these
theories, the focus is no longer the total score; instead, indi-
vidual item scores are evaluated [56].

The fundamental difference between IRT and the Rasch
model is the way they approach the data. IRT prioritizes the
data, and if a model does not fit the data, another model that
best explains the data is used. Rasch measurement on the other
hand, prioritizes the model, and if the data do not fit the model,
an exploratory approach is used to explain why the data do not
fit the model (Fig. 2) [3, 56]. The advantages of these models
over CTT models are the ability to obtain interval measure-
ments from ordinal scales, to obtain measurements at the per-
son level, as well as group comparisons, and to use subsets of
items from a scale as needed [56]. Subsets of ordinal scales
cannot be used separately without compromising reliability
and validity. The disadvantage is that they are complex, re-
quire some training and are usually performed using special
software programs. Over the last several years, several pre-
existing neurologic rating scales have been evaluated and re-
vised using LTT models [72–75].

PRO Measures: Special Considerations in Development
and Interpretation

PROs are becoming increasingly popular in clinical trials be-
cause of the recognition that CROs may not measure outcomes
that are directly relevant to patients. In clinical practice, we
routinely use patient reports to evaluate the effectiveness of
our interventions; clinical trials should, ideally, be no different.

Historical Aspects of PROs

The impetus for using PROs has its basis in the Health
Insurance Experiment. The Health Insurance Experiment is
the only long-term study of the effects of cost-sharing on use
of medical services, healthcare quality, and outcomes. It was
supported by the Department of Health and Human Services
and conducted by the RAND Corporation between 1972 and
1984. The study randomized 3958 participants to 1 of 14
health-insurance models, providing either free care or 3 differ-
ent types of cost sharing. Avalidated medical history question-
naire captured participants’ outcomes with respect to physical
health, role functioning, and health perceptions, an early use of
a PRO in a clinical trial [76]. Subsequently, the Medical
Outcomes Study evaluated practical measures for monitoring
patient outcomes in clinical practice [77]. Over 70 measures of
well-being and functioning were developed and validated for
this study, setting the stage for the use of these measures in
future clinical trials [78]. One of the best known PROmeasures
developed from the Medical Outcomes Study is SF-36
(http://www.rand.org/health/surveys_tools/mos/36-item-short-
form.html). As the pharmaceutical research community
recognized the value of PROs including quality of life
outcome measures, the FDA, recognizing the need for
stringent development and application of PROs, began the
process of setting standards for PROs used in drug trials [79].

Less able subjects  More able subjects  

- Ability +

Less difficult items More difficult items

A B C

Fig. 2 Rasch model interval
Bruler .̂ The Rasch model
conceptualizes a measurement
scale where subjects are ranked
by their ability from low to high,
and items on a rating scale are
ordered by the level of difficulty
from easiest to most difficult. The
thick lines on the ruler indicate the
location of items of increasing
difficulty from left to right. (A),
(B), and (C) represent 3 subjects
with increasing levels of physical
ability
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Development of PROs

Development of PROs is reviewed in depth by the FDA and in
other reviews [79, 80]. Briefly, specific issues pertaining to
PROs include the need to obtain patient input in the develop-
ment phase using interviews, surveys, or focus groups. The
questions should be presented in a format that is easily under-
stood. Once developed, preliminary PRO instruments under-
go cognitive testing, wherein participants similar to those in
whom the surveys are intended to be used complete the survey
and then answer questions about their interpretation of the
questions and how they selected their responses. Preliminary
surveys are modified as necessary based on the results of
cognitive testing This helps to ensure the face validity of the
instruments [79, 80].

PROs and Medical Product Labeling

Despite regulatory encouragement for the use of PROs in
clinical trials, drug approval based on PROs remains challeng-
ing. A recent study found that only 3/40 (7.5 %) of approvals
by the Office of Hematology and Oncology Products of the
FDA received PRO-related labeling between 2010 and 2014
[81]. Some factors underlying this may include challenges in
study design using PROs and the quality of PRO instruments
used.

PROs: What’s Next?

In order to make valid, reliable PRO instruments easily avail-
able to researchers, the Patient-Reported Outcome
Measurement Information System, (PROMIS) was launched
in 2005 through a National Institutes of Health Roadmap
Initiative (http://www.healthmeasures.net/explore-
measurement-systems/promis). Using rigorous methods,
PROMIS has developed item banks (a collection of items
that assess a specific trait, e.g., pain). These instruments are
available to researchers free of cost. NeuroQol, also available
for free, is a series of PRO instruments for pediatric and adult
neurological conditions (http://www.healthmeasures.
net/explore-measurement-systems/neuro-qol). Both PROMIS
and NeuroQol can be applied as computerized tests or on
paper and have been translated into languages other than
English. However, these PROs are likely underutilized at the
present time. A MEDLINE search via PubMed for
BNeuroQol^ on 29 September 2016 revealed only 6 studies
using NeuroQol PRO measures between 2003 and 2016.

Clinical Implications

In the world of clinical research, the choice of an appropriate
functional rating scale is an important aspect of trial design
because the results of a clinical trial are only as accurate as the

rating scales employed to measure the outcomes of interest.
This has implications for patient care and subsequent research.
Therefore, the quality of existing rating scales should be care-
fully assessed before selection for a trial, and new rating scales
should be rigorously validated. Medical researchers may not
be familiar with clinimetric methods, but should realize the
importance of obtaining the necessary expertise at the stage of
study design. An excellent review with easily understandable
examples provides researchers with a basic familiarity with
clinimetry [56].

With reference to the increasing use of PROs in clinical
trials, the FDA recommends an endpoint model for their use,
wherein the use of the PRO as a primary, secondary, or ex-
ploratory endpoint is prespecified [79]. This helps to interpret
the results of the PRO measure accurately for statistical and
clinical significance. The FDA requirements for PROs are
stringent and recommend developing a new PRO or modify-
ing an existing PRO to ensure that the PRO is appropriate to
measure the concept of interest [79]. Although laudable, this is
not always practical. The European Medicines Agency also
recommends an endpoint model for measures of HRQoL [82],
and has recently provided guidelines on the use of PROs for
outcomes other than HRQoL in oncology studies [83].

What is the role of outcome measurement in the realm of
clinical practice? As far back as 1988, Ellwood [84] suggested
the concept of Boutcome management^, defined as the use of
patient experiences to inform medical decision-making by cli-
nicians, payers, and patients [84]. Ellwood draws parallels
between good clinical practice and a clinical trial, envisioning
clinical practice in 3 steps: selecting the appropriate interven-
tion, routine measurement of patient reported and clinical out-
comes, and evaluating data to inform decision making [84]. In
today’s world of electronic health records, tracking outcome
measures in clinical practice is feasible and relatively simple,
and PROs are an important component of this process. Real-
world data regarding natural history of disease, effectiveness
of treatments (in contrast to efficacy in the rigorously con-
trolled clinical trial setting), long-term adverse events and
evolution of patient preferences are some of the data that can
be obtained by incorporating these outcome measures in
practice.

As part of quality-improvement initiatives that form a ma-
jor aspect of healthcare reform in the USA, performance mea-
sures are collected and compared to benchmarks; these often
include clinical outcomes such as falls, readmission rates, or
laboratory testing (e.g., HbA1c in diabetics). PROs are now
being increasingly recognized for their role in performance
measurement. A recent review suggests best-practice methods
to assess quality of care using PROs [85]. Aword of caution,
however: patient reports of quality of life, or other domains
such as role functioning may not directly measure the results
of the intervention and may be affected by unrelated patient
factors; hence, accurate measurement of performance solely
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on the basis of PROs is challenging. Additionally, the collec-
tion of multiple outcome measures in the setting of a clinic
visit is limited by time constraints; there are already several
burdensome aspects of reporting in clinical practice, driven by
legislative and regulatory mandates.

Conclusions

Whether used in research trials or as performance measures in
clinical practice, delineating CROs and PROs that are effec-
tive and efficient is a challenge, especially when multiple out-
comemeasures for a specific domain or disorder are available.
Research efforts should be invested to validate existing mea-
sures and determine the best performing ones, or to develop
measures when efficient and effective measures are lacking.
The PROMIS and NeuroQoL databases are excellent, freely
available resources for PRO instruments. Use of the appropri-
ately selected PRO instruments from these databases has the
advantages of ensuring PRO instrument quality and being able
to compare outcomes across studies and across clinical care
settings. However, PROs that measure focused effects of an
intervention rather than broad concepts of health need to be
developed to capture disease- and intervention-specific
effects.
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