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ABSTRACT

Background: The US Food and Drug Administra-
tion’s guidance for industry document on patient-
reported outcomes (PRO) defines content validity as
“the extent to which the instrument measures the
concept of interest” (FDA, 2009, p. 12). According
to Strauss and Smith (2009), construct validity "is
now generally viewed as a unifying form of validity
for psychological measurements, subsuming both
content and criterion validity” (p. 7). Hence, both
qualitative and quantitative information are essential
in evaluating the validity of measures.

Methods: We review classical test theory and item
response theory (IRT) approaches to evaluating PRO
measures, including frequency of responses to each
category of the items in a multi-item scale, the distribution
of scale scores, floor and ceiling effects, the relationship
between item response options and the total score, and
the extent to which hypothesized “difficulty” (severity)
order of items is represented by observed responses.

Results: If a researcher has few qualitative data and
wants to get preliminary information about the content
validity of the instrument, then descriptive assessments
using classical test theory should be the first step. As the
sample size grows during subsequent stages of instru-
ment development, confidence in the numerical estimates
from Rasch and other IRT models (as well as those of
classical test theory) would also grow.
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Conclusion: Classical test theory and IRT can be
useful in providing a quantitative assessment of items
and scales during the content-validity phase of PRO-
measure development. Depending on the particular
type of measure and the specific circumstances, the
classical test theory and/or the IRT should be consid-
ered to help maximize the content validity of PRO
measures. (Clin Ther. 2014;36:648-662) © 2014
Elsevier HS Journals, Inc. All rights reserved.

Key words: classical test theory, content validity,
item response theory, patient-reported outcomes, scale
development.

INTRODUCTION

The publication of the US Food and Drug Adminis-
tration’s guidance for industry on patient-reported
outcomes (PRO)' has generated discussion and
debate on the methods used for developing, and
establishing the content validity of, PRO instru-
ments. The guidance outlines the information that
the FDA considers when evaluating a PRO measure as
a primary or secondary end point to support a claim
in medical product labeling. The PRO guidance
highlights the importance of establishing evidence of
content validity, defined as “the extent to which the
instrument measures the concept of interest” (p. 12).'
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Content validity is the extent to which an instru-
ment covers the important concepts of the unobserv-
able, or latent, attribute (eg, depression, anxiety,
physical functioning, self-esteem) that the instrument
purports to measure. It is the degree to which the
content of a measurement instrument is an adequate
reflection of the construct being measured. Hence,
qualitative work with patients is essential to ensure
that a PRO instrument captures all of the important
aspects of the concept from the patient’s perspective.

Two reports from the International Society of
Pharmacoeconomics and Outcomes Research Good
Research Practices Task Force”’ detail the qualitative
methodology and 35 steps that should be employed to
establish content validity of a PRO measure: (1)
determine the context of use (eg, medical product
labeling); (2) develop the research protocol for qual-
itative concept elicitation and analysis; (3) conduct the
concept elicitation interviews and focus groups; 4)
analyze the qualitative data; and (5) document con-
cept development, elicitation methodology, and re-
sults. Essentially, the inclusion of the entire range of
relevant issues in the target population embodies
adequate content validity of a PRO instrument.

Although qualitative data from interviews and focus
groups with the targeted patient sample are necessary
to develop PRO measures, qualitative data alone are
not sufficient to document the content validity of the
measure. Along with qualitative methods, quantitative
methods are needed to develop PRO measures with
good measurement properties. Quantitative data gath-
ered during earlier stages of instrument development
can serve as: (1) a barometer to see how well items
address the entire continuum of the targeted concept of
interest; (2) a gauge of whether to go forward with
psychometric testing; and (3) a meter to mitigate risk
related to Phase III signal detection and interpretation.

Specifically, quantitative methods can support the
development of PRO measures by addressing several
core questions of content validity: What is the range of
item responses relative to the sample (distribution of
item responses and their endorsement)?; Are the
response options used by patients as intended?; Does
a higher response option imply a greater health
problem than does a lower response option?; and
What is the distance between response categories in
terms of the underlying concept?

Also relevant is the extent to which the instrument
reliably assesses the full range of the target population
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(scale-to-sample targeting), ceiling or floor effects, and
the distribution of the total scores. Does the item order
with respect to disease severity reflect the hypothesized
item order? To what extent do item characteristics
relate to how patients rank the items in terms of their
importance or bother?

This article reviews the classical test theory and the
item response theory (IRT) approaches to developing
PRO measures and to addressing these questions.
These content-based questions and the 2 quantitative
approaches to addressing them are consistent with
construct validity, now generally viewed as a unifying
form of validity for psychological measurements,
subsuming both content and criterion validity.* The
use of quantitative methods early in instrument deve-
lopment is aimed at providing descriptive profiles and
exploratory information about the content represen-
ted in a draft PRO instrument. Confirmatory psycho-
metric evaluations, occurring at the later stages of
instrument development, should be used to provide
more definitive information regarding the measure-
ment characteristics of the instrument.

CLASSICAL TEST THEORY

Classical test theory is a conventional quantitative
approach to testing the reliability and validity of a
scale based on its items. In the context of PRO
measures, classical test theory assumes that each
observed score (X) on a PRO instrument is a combi-
nation of an underlying true score (T) on the concept
of interest and nonsystematic (ie, random) error (E).
Classical test theory, also known as true-score theory,
assumes that each person has a true score, T, that
would be obtained if there were no errors in measure-
ment. A person’s true score is defined as the expected
score over an infinite number of independent admin-
istrations of the scale. Scale users never observe a
person’s true score, only an observed score, X. It is
assumed that observed score (X) = true score (T) +
some error (E).

True scores quantify values on an attribute of
interest, defined here as the underlying concept, con-
struct, trait, or ability of interest (the “thing” intended
to be measured). As values of the true score increase,
responses to items representing the same concept
should also increase (ie, there should be a monotoni-
cally increasing relationship between true scores and
item scores), assuming that item responses are coded
so that higher responses reflect more of the concept.
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It is also assumed that random errors (ie, the
difference between a true score and a set of observed
scores in the same individual) found in observed scores
are normally distributed and, therefore, that the
expected value of such random fluctuations (ie, mean
of the distribution of errors over a hypothetical infinite
number of administrations in the same subject) is taken
to be zero. In addition, random errors are assumed to
be uncorrelated with a true score, with no systematic
relationship between a person’s true score and whether
that person has positive or negative errors.

Descriptive Assessment

In the development of a PRO measure, the means
and SDs of the items can provide fundamental clues
about which items are useful for assessing the concept
of interest. Generally, the higher the variability of the
item scores and the closer the mean score of the item is
to the center of its distribution (ie, median), the better
the item will perform in the target population.

In the case of dichotomous items, scored “0” for
one response and “1” for the other (eg, 70 = 0 and
yes = 1), the proportion of respondents in a sample
who select the response choice scored “1” is equivalent
to the mean item response. If a particular response
option (typically given a response choice scored “1”)
represents an affirmative response or the presence of
what is asked, the item is said to be endorsed. Items for
which everyone gives the same response are uninforma-
tive because they do not differentiate between individ-
uals. In contrast, dichotomous items that yield about an
equal number of people (50%) selecting each of the
2 response options provide the best differentiation
between individuals in the sample overall.

For items with ordinal response categories, which
have >2 categories, an equal or a uniform distribu-
tion across response categories yields the best differ-
entiation. Although ideal, such a uniform distribution
is typically difficult to obtain (unless the researcher
makes it a direct part of the sampling frame during the
design stage) as it depends in part on the distribution
of the sampled patients, which is outside the full
control of the researcher.

Item difficulty, which is taken from educational
psychology, may or may not be an apt term in health
care settings. In this article, we equate item difficulty
with item severity, and we use the 2 terms interchange-
ably. The more suitable and interpretable term depends
on the particular health care application. Item difficulty,
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or severity, can be expressed on a z-score metric by
transforming the proportion endorsed using the follow-
ing formula: z = In[p/(1 — p)]/1.7, where z scores come
from a standardized normal distribution (with a mean
of 0, SD of 1), In represents the natural logarithm,
p represents the probability endorsement, and 1.7 is a
scaling factor for a normal distribution. The z scores of
the items can be ordered so that, for instance, the items
with higher z scores are considered more difficult
relative to the other items. For items with ordinal
response categories, adjacent categories can be com-
bined meaningfully to form a dichotomous indicator
for the purpose of examining item severity (difficulty).

Item Discrimination

The more an item discriminates among individuals
with different amounts of the underlying concept of
interest, the higher the item-discrimination index.” The
discrimination index can be applied with a dichotomous
item response or an ordinal item response made dicho-
tomous (by combining adjacent categories meaningfully
to form a dichotomous indicator).

The extreme group method can be used to calculate
the discrimination index using the following 3 steps.
Step 1 is to partition respondents who have the highest
and lowest overall scores on the overall scale, aggre-
gated across all items, into upper and lower groups.
The upper group can be composed of the top x% (eg,
25%) of scores on the scale, and the lower group can
be composed of the bottom x% (eg, 25%) of scores on
the scale. Step 2 is to examine each item and determine
the proportion of individual respondents in the sample
who endorse or respond to each item (or to a
particular category or adjacent category groups of an

Table I. Illustration example of using the item-
discrimination index.

Proportion  Proportion
Endorsed Endorsed Item-
for Upper  for Lower  Discrimination
Item Group Group Index
1 0.90 0.10 0.80
2 0.85 0.20 0.65
3 0.70 0.65 0.05
4 0.10 0.70 -0.60

Volume 36 Number 5



item) in the upper and lower groups. Step 3 is to
subtract the pair of proportions noted in Step 2. The
higher this item-discrimination index, the more the
item discriminates. For example, if 60% of the upper
group and 25% of the lower group endorse a partic-
ular item in the scale, the item-discrimination index for
that item would be calculated as: 0.60 - 0.25 = 0.35. Tt
is useful to compare the discrimination indexes of each
of the items in the scale, as illustrated in Table I. In this
example, item 1 provides the best discrimination, item
2 provides the next best discrimination, and items 3
and 4 are poor discriminators.

Another indicator of item discrimination is how
well an item correlates with the sum of the remaining
items on the same scale or domain, or the corrected
item-to-scale correlation (“corrected” because the sum
or total score does not include that item). It is best to
have relatively “large” corrected item-to-scale correla-
tions (eg, >0.37 according to Cohen’s rule of thumb).®
A low corrected item-to-scale correlation indicates that
the item is not as closely associated with the scale
relative to the rest of the items in the scale.

The response categories of an item can be assessed
by analyzing the item response curve, which is
produced descriptively in classical test theory by
plotting the percentage of subjects who choose each
response option on the y-axis and the total score,
expressed as such or as a percentile or other metric, on
the x-axis. Figure 1 provides an illustration. Item 1 is
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0.3 A
0.2 1
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an equally good discriminator across the continuum
of the attribute (the concept of interest). Item 2
discriminates better at the lower end than at the
upper end of the attribute. Item 3 discriminates
better at the upper end, especially between 70th and
80th percentiles.

A difficulty-by-discrimination graph, shown in
Figure 2, depicts how well the items in a scale span
across the range of difficulty (or severity), along with
the how well each item represents the concept. The data
shown are 16 items included in a 50-item test admin-
istered to 5 students. (Thirty-three of the items in the
test were answered correctly by all 5 students, and 1
item was answered incorrectly by all 5 students.)
Figure 2 shows the 16 items by sequence number in
the test. For example, the third item in the test, shown
in the upper left of Figure 2, is labeled “3.” This item
("Which of the following could be a patient-reported
measure?") was answered correctly by 4 of the §
students (80%) and had a corrected item-to-scale
correlation of —0.63 (“corrected” to remove that item
from the total scale score). This item had a negative
correlation with the total scale score because the student
who had the best test score was the only student of the
5 who answered the question incorrectly. Items 10 and
27 both were answered correctly by 2 of the 5 students
(40%), and each had an item-to-scale correlation of
0.55. The “easiest” or “least severe” items (100% of
students got them right) and the “hardest” or “most

Item 1

Item 2

T T T T
10th 20th 30th 40th

T T T T T 1
50th 60th 70th 80th 90th  100th

Total Score Percentiles

Figure 1. lllustrative item response curves.
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Figure 2. Difficulty-by-discrimination graph. Numbers in the figure represent sequence in which the item was
administered in a 50-item test given to 5 students. Sixteen items are shown in the figure. Thirty-
three items that all of the students answered correctly and 1 item that no students answered

correctly are not shown.

severe” item (0% of students got it right) are not shown
in Figure 2. The range-of-difficulty estimates for the
other items are limited by the small sample of students,
but Figure 2 shows that 8 of the items were easier items
(80% correct), 2 items were a little harder (60%
correct), 3 items were even harder (40% correct), and
3 other items were among the hardest (20% correct).

Dimensionality

To evaluate the extent to which the items measure a
hypothesized concept distinctly, item-to-scale correlations
on a particular scale (corrected for item overlap with the
total scale score) can be compared to correlations of those
same items with other scales (either subscales within
the same PRO measure or different scales from different
PRO measures). This approach has been referred to as
multitrait scaling analysis and can be implemented,
for example, using a SAS macro (SAS Institute Inc,
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Cary, North Carolina).” Although some users of the
methodology suggest that it evaluates item convergent
and discriminant validity, we prefer “item convergence
within scales” and “item discrimination across scale,”
because one learns that items sort into different scales
(“bins”) but that the validity of the scales per se is still
unknown.

Factor analysis is a statistical procedure analogous to
multitrait scaling.® In exploratory factor analysis, there is
uncertainty as to the number of factors being measured;
the results of the analysis are used to help identify the
number of factors. Exploratory factor analysis is suitable
for generating hypotheses about the structure of the data.
In addition, it can help in further refining a PRO
instrument by revealing what items may be dropped
from the instrument because they contribute little to the
presumed underlying factors. Whereas exploratory factor
analysis explores the patterns in the correlations of items
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(or variables), confirmatory factor analysis (which is
appropriate for later stages of PRO development) tests
whether the variance—covariance of items conforms to an
anticipated or expected scale structure given in a
particular research hypothesis. Although factor analysis
is not necessarily connected to content validity per se, it
can be useful for testing the conceptual framework of the
items mapping to the hypothesized underlying factors.

Reliability

Reliability is important in the development of PRO
measures, including for content validity. Validity is
limited by reliability. If responses are inconsistent (un-
reliable), it necessarily implies invalidity as well (note
that the converse may not be true: consistent responses
do not necessarily imply valid responses).” Although we
are primarily concerned with validity in early scale
development, reliability is a necessary property of the
scores produced by a PRO instrument and it is
important to consider in early scale development.
Reliability refers to the proportion of variance in a
measure that can be ascribed to a common characteristic
shared by the individual items, whereas validity refers to
whether that characteristic is actually the one intended.

Test-retest reliability, which can apply to both
single-item and multi-item scales, reflects the reprodu-
cibility of scale scores on repeated administrations
over a period during which the respondent’s condition
did not change. As a way to compute test-retest
reliability, the kappa statistic can be used for catego-
rical responses, and the intraclass correlation coeffi-
cient can be used for continuous responses (or
responses taken as such).

Further, having multiple items in a scale increases
its reliability. In multi-item scales, a common indicator
of scale reliability is Cronbach coefficient alpha, which
is driven by 2 elements: (1) the correlations between
the items and (2) the number of items in the scale. In
general, the reliability of a measure equals the pro-
portion of total variance among its items that is due to
the latent variable and is thus considered communal
or shared variance.

The greater the proportion of shared variation, the
more the items share in common and the more
consistent they are in reflecting a common true score.
The covariance-based formula for coefficient alpha
expresses such reliability while adjusting for the num-
ber of items contributing to the prior calculations on
the variances. The corresponding correlation-based
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formula, an alternative expression, represents coeffi-
cient alpha as the mean inter-item correlation among all
pairs of items after adjustment for the number of items.

Sample-Size Considerations

In general, different study characteristics affect
sample-size considerations, such as the research objec-
tive, type of statistical test, sampling heterogeneity,
statistical power or level of confidence, error rates, and
the type of instrument being tested (eg, the number of
items and the number of categories per item). In the
quantitative component of content validity, a stage
considered exploratory, a reliable set of precise values
for all measurement characteristics is not expected and,
as such, formal statistical inferences are not recom-
mended. Consequently, sample-size adequacy in this
early stage, which should emphasize absolute and
relative directionality, does not have the same level of
importance as it would in later (and especially con-
firmatory) phases of PRO-instrument development,
regardless of the methodology employed.

Nonetheless, sample sizes based on classical test
theory should be large enough for the descriptive and
exploratory pursuit of meaningful estimates from the
data. Although it is not appropriate to give 1 number
for sample size in all such cases, starting with a sample
of 30 to 50 subjects may be reasonable in many
circumstances. If no clear trends emerge, more subjects
may be needed to observe any noticeable patterns. An
appropriate sample size depends on the situation at
hand, such as the number of response categories. An
11-point numerical rating scale, for instance, may not
have enough observations in the extreme categories and
thus may require a larger sample size. In addition to
increasing the sample size, another way to have a more
even level of observations across categories of a scale is
to plan for it at the design stage by recruiting
individuals who provide sufficient representation across
the response categories.

Sample sizes for more rigorous quantitative analy-
ses, at the later stages of psychometric testing, should
be large enough to meet a desired level of measure-
ment precision or SE.'’ With sample sizes of 100, 200,
300, and 400, the SEs around a correlation are
~0.10, 0.07, 0.06, and 0.05, respectively. Various
recommendations have been given for exploratory
factor analyses. One recommendation is to have at
least S cases per item and a minimum of 300 cases."’
Another rule of thumb is to enlist a sample size of at
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least 10-fold the number of items being analyzed, so a
20-item questionnaire would require at least 200
subjects. However, adequate sample size is directly
dependent on the properties of the scale itself, rather
than on rules of thumb. A poorly defined factor (eg,
one with not enough items) or weakly related items
(low factor loading) may require substantially more
individuals for obtaining precise estimates.'”

For confirmatory factor analysis, rules of thumb
have been offered about the minimum number of
subjects per each parameter to be estimated (eg, at
least 10 subjects per parameter).'” The same caution
given about such rules of thumb for exploratory factor
analysis also applies to confirmatory factor analysis;
that is, if a measure is to be used in a specific subgroup
(eg, Asian-American subjects), then a sufficient sample
size is needed to represent that subgroup. Statistical
power and sample sizes for confirmatory factor analysis
are explained in more detail elsewhere.'’

In some situations (eg, if large patient accrual is not
feasible or if responses are diverse or heterogeneous in
spanning across item categories), a smaller sample size
might be considered sufficient. In these situations,
analytical methods can include simple descriptive
statistics (item-level means, SEs and counts, and
correlations between items) for the items and sub-
scales of a PRO measure. Replication of psychometric
estimates is needed either by a sufficiently large and
representative sample that can be split into 2 sub-
samples for cross-validation or 2 samples of sufficient
sample size. One sample is used to explore the
properties of the scale, and the second sample is used
to confirm the findings of the first sample. If the results
of the 2 samples are inconsistent, then psychometric
estimates from another sample may be required to
establish the properties of the measure.

ITEM RESPONSE THEORY

Item response theory (IRT) is a collection of measure-
ment models that attempt to explain the connection
between observed item responses on a scale and an
underlying construct. Specifically, IRT models are
mathematical equations describing the association
between subjects’ levels on a latent variable and the
probability of a particular response to an item, using a
nonlinear monotonic function.'* As in classical test
theory, IRT requires that each item be distinct from
the others, yet similar and consistent with them in
reflecting all important respects of the underlying
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attribute or construct. Item parameters in IRT are
estimated directly using logistic models instead of
proportions (difficulty or threshold) and item-
to-scale correlations (discrimination). There are a
number of IRT models, which vary in number of
parameters (1-, 2-, or 3-parameter models) and in
whether they handle dichotomous-only items or pol-
ytomous items more generally (Table II).

In the simplest case, item responses are evaluated in
terms of a single parameter, difficulty (severity). For a
dichotomous item, the difficulty, or severity, parameter
indicates the level of the attribute (eg, the level of
physical functioning) at which a respondent has a 50%
likelihood of endorsing the dichotomous item. In the
present article, without loss of generality, items with
higher levels of difficulty or severity are those that
require higher levels of health—for instance, running
as opposed to walking for physical functioning. Items
and response options can be written in the other
direction so that “more difficult” requires “worse
health,” but here the opposite is assumed.

For a polytomous item, the meaning of the diffi-
culty or severity parameter depends on the model used
and represents a set of values for each item. In a
graded-response model, a type of 2-parameter model
that allows for item discrimination as well as difficulty
to vary across items, the difficulty parameter associ-
ated with a particular category k of an item reflects the
level of the attribute at which patients have 50%
likelihood of scoring a category lower than k versus
category k or higher. In a partial-credit model, a
generalization of the 1-parameter (Rasch) IRT dichot-
omous model, in which all items have equal discrim-
ination, the difficulty parameter is referred to as the
threshold parameter and reflects the level of the
attribute at which the probability of a response in
either 1 of 2 adjacent categories is the same.

A 1-parameter (Rasch) IRT model for dichotomous
items can be written as follows:

PA(X=110)=[¢©]/[1 + @]

where P;(X = 110) is the probability that a randomly
selected respondent on the latent trait with level © (the
Greek letter theta) will endorse item i, and b; is the
item difficulty (severity) parameter. In the 1-parameter
IRT model, each item is assumed to have the same
amount of item discrimination.

In a 2-parameter IRT model, an item-discri-
mination parameter is added to the model. A 2-
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Table Il. Common item response theory models applied to patient-reported outcomes.

Item Response

Model Format

1-Parameter (Rasch) Dichotomous
logistic
2-Parameter logistic Dichotomous

Graded response Polytomous

items.

Model Characteristics

Discrimination power equal across all items. Threshold varies
across items.

Discrimination and threshold parameters vary across items.

Ordered responses. Discrimination varies across items.

No prespecified item order. Discrimination varies across items.

Discrimination and power constrained to be equal across

Discrimination equal across items. Item-threshold steps equal

across items.

Nominal Polytomous

Partial credit (Rasch Polytomous
model)

Rating scale (Rasch model) Polytomous

Generalized partial credit Polytomous

Variation of partial-credit model with discrimination varying

across items.

parameter model for a dichotomous item can be
written as follows:

Pi(X=1]@) =[P ~P0]/[1 4 PuO~0)]

where D is a scaling constant (D = 1.7 represents the
normal ogive model), a; is the discrimination param-
eter, and the other variables are the same as those in
the 1-parameter model. An important feature of the 2-
parameter model is that the distance between an
individual’s trait level and an item’s severity has a
greater impact on the probability of endorsing highly
discriminating items than on less discriminating items.
In particular, more discriminating items provide more
information (than do less discriminating items) and
even more so if a respondent’s level on the latent
attribute is closer to an item’s location of severity.

Item-Characteristic Curve

The item-characteristic curve (ICC) is the funda-
mental unit in IRT and can be understood as the
probability of endorsing an item (for a dichotomous
response) or responding to a particular category of an
item (for a polytomous response) for individuals with
a given level of the attribute. In the latter case, the ICC
is sometimes referred to as a category-response curve.
Depending on the IRT model used, these curves indicate
which items (or questions) are more difficult and which
items are better discriminators of the attribute.

For example, if the attribute were mental health,
the person with better mental health (here assumed to
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have higher levels of ®) would be more likely to
respond favorably to an item that assesses better
mental health (an item with a higher level of “diffi-
culty” needed to achieve that better state of mental
health). If an item were a good discriminator of
mental health, the probability of a positive response
to this item (representing better mental health) would
increase more rapidly as the level of mental health
increases (larger slope of the ICC); given higher levels
of mental health, the (conditional) probability of a
positive response would increase noticeably across
these higher levels. The various IRT models, which
are variations of logistic (ie, nonlinear) models, are
simply different mathematical functions for describing
ICCs as the relationship of a person’s level on the
attribute and an item’s characteristics (eg, difficulty,
discrimination) with the probability of a specific
response on that item measuring the same attribute.

Category-Response Curves

In IRT models, a function, which is analogous to an
ICC for a dichotomous response, can be plotted for
each category of an item with >2 response categories
(ie, polytomous response scale). Such category-
response curves help in the evaluation of response op-
tions for each item by displaying the relative position
of each category along the underlying continuum of
the concept being measured. The ideal category-
response curve is characterized by each response
category being most likely to be selected for some seg-

655



Clinical Therapeutics

In general, how would you rate your physical health?
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Figure 3. Category-response curves for PROMIS (Patient-Reported Outcomes Measurement Information
System) Physical Health summary score from grade response model. The labels indicate the five
response options (poor, fair, good, very good, excellent) for the item. The probability of picking
each of the response option by estimated physical health (theta [®]) was based on data from the

PROMIS project.'”

ment of the underlying continuum of the attribute (the
person’s location on the attribute), with different
segments corresponding to the hypothesized rank
order of the response options in terms of the attribute
or concept.

Figure 3 shows an example category-response curve
for an item in the PROMIS (Patient-Reported Out-
comes Measurement Information Measurement Sys-
tem, a National Institutes of Health initiative to utilize
IRT to develop item banks assessing patient-reported
outcomes) 4-item General Health scale: “In general,
how would you rate your physical health?”'> The
item has 5 response options: poor, fair, good, very
good, and excellent. The x-axis of Figure 3 shows
the estimated Physical Health score (©) depicted on a
z-score metric, with a more positive score represen-
ting better physical health. The y-axis shows the pro-
bability of selecting each response option. Figure 3
shows that the response options for the item are
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monotonically related to physical health as expected,
and that each response option is most likely to be
selected at some range of the underlying construct (ie,
physical health).

Item Information

Item information provides an assessment of the
precision of measurement of an item in distinguishing
among subjects across different levels of the under-
lying concept or attribute being measured (®); higher
information implies more precision. Item information
depends on the item parameters. In the 2-parameter
dichotomous logistic model, the item-information
function [I(®)] for item i at a specific value of @ is
equal to (a?) P{1 - P;), where P; is the proportion of
people with a specific amount of the attribute who
endorse item 7. For a dichotomous item, item infor-
mation reaches its highest value at ® = b, which
occurs when the probability of endorsing the ith item
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0.90

Information

0.72

0.54

40443 piepuelg

0.18

0

Physical Health (Theta)

Figure 4. Scale information curve for PROMIS (Patient-Reported Outcomes Measurement Information

System) 4-item Physical Health scale scores.

is P; = 0.5. The amount of item information (pre-
cision) decreases as the item difficulty differs from the
respondent’s attribute level and is lowest at the
extremes of the scale (ie, for those scoring very low
or very high on the underlying concept).

Item information sums together to form scale
information. Figure 4 shows scale information for
the PROMIS Physical Health scale. Again, the x-axis
shows the estimated Physical Health score (©)
depicted on a z-score metric, with a more positive
score representing better physical health. The left-
hand side of the y-axis shows the information, and
the right-hand side of the y-axis shows the SE of
measurement. The peak of the curve shows where
the Physical Health measure yields the greatest in-
formation about respondents (in the z-score range
from -2 to —1). The SE of measurement is inversely
related to, and a mirror image of, information (see
subsequent discussion on the relationships between
information, reliability, and the SE of measurement).

The item-information curve is peaked, providing
more information and precision, when the a parameter
(the item-discrimination parameter) is high; when the a
parameter is low, the item-information curve is flat. If an
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item-information curve has a slope of a = 1, it has 4-fold
the discriminating ability of an item with a = 0.5 (as
seen by the squared term in the item-information
function given in the preceding paragraph). The value
of the a parameter can be negative; however, this results
in a monotonically decreasing item response function.
This implies that people with high amounts of the
attribute have a lower probability of responding affir-
matively in categories representing more of the concept
than do people with lower amounts of the attribute.
Such bad items should be weeded out of an item pool,
especially if the parameter estimated has sufficient
precision (ie, based on a sufficient sample size).

The reliability of measures scored on a z-score
metric for the person-attribute parameter ® (mean = 0
and SD = 1) is equal to 1 — SE*, where SE = 1/
(information)"?, and SE represents the SD associated
with a given ©. So information is directly related to
reliability; for example, information of 10 is equiv-
alent to reliability of 0.90. In addition to estimates of
information for each item, IRT models yield informa-
tion on the combination of items, such as a total scale
score. Information typically varies by location along
the underlying continuum of the attribute (ie, for
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people who score low, in the middle, and high on the
concept).

In Rasch measurement, the person-separation index
is used as a reliability index because reliability reflects
how accurately or precisely the scores separate or
discriminate between persons; it is a summary of the
genuine person separation relative to such separation
and also measurement error.” Measurement error
consists of both random error and systematic error
and represents the discrepancy between scores
obtained and their corresponding true scores. The
person-separation index is based on the basic defini-
tion of reliability from classical test theory, as the ratio
of true-score variance to observed variance (which
equals the true-score variance plus the error variance).
As noted earlier, the level of measurement error is not
uniform across the range of a scale and is generally
larger for more extreme (low and high) scores.

Person-ltem Map

It is common to fix the mean of the item difficulties
to equal 0. If the PRO measure is easy for the sample
of persons, the mean across person attributes will be
greater than zero (® > 0); if the PRO measure is hard
for the sample, the mean of ® will be less than zero
(® < 0). Those most comfortable with the Rasch
model (1-parameter model) produce person-item (or
Wright) maps to show the relationship between item
difficulty and person attribute. In principle, these
maps can illuminate the extent of item coverage or
comprehensiveness, the amount of redundancy, and
the range of the attribute in the sample.

If the items have been written based on a construct
map (a structured and ordered definition of the
underlying attribute, as measured by the hierarchical
positing of its series of items intended to be measured
by the scale and conceived of in advance), the item
map that follows the construct map can be used as
evidence congruent with content validity.'® A cons-
truct map is informed by a strong theory of which set
of items require higher levels of the attribute for
endorsement.

Figure 5 portrays such a person-item map of a 10-
item scale on physical functioning.” Because of the
scale content, the person attribute here is referred to as
person ability. With a recall period of the preceding 4
weeks, each item is pegged to a different physical
activity but raises the same question: “In the past 4
weeks, how difficult was it to perform the following
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activity?” Each item also has the same set of §
response options: 1 = extremely difficult; 2 = very
difficult; 3 = moderately difficult; 4 = slightly difficult;
and 5 = not difficult. This example assumes that all
activities were attempted by each respondent during
the preceding 4-week recall interval.

Also assume that item difficulty (severity) emanated
from the rating-scale model, a polytomous Rasch
model, in which each item has its own difficulty
parameter separate from the common set of cate-
gorical-threshold values across items.'” If the more
general partial-credit model were fit instead, the mean
of the 4 categorical-threshold parameters for each
item could be used to represent the difficulty of an
item. If the response option were dichotomous instead
of ordinal, a 1-parameter (Rasch) dichotomous logis-
tic model could have been fit to obtain the set of item
difficulties and attribute values.

At least 3 points are noteworthy. First, the ques-
tionnaire contains more easy items than hard ones, as
7 of the 10 items have location (logit) scores on item
difficulty (severity) <0. Second, some items have the
same difficulty scores, and not much scale information
would be sacrificed if 1 of the dual items and 2 of the
triplet items were removed. Third, patients tend to
cluster at the higher end of the scale (note that the
mean location score is ~1 for the ability of persons
and that it exceeds the fixed mean location of 0 for
difficulty of items), indicating that most of these
patients would be likely to endorse (or respond
favorably to) several of these items. Thus, either this
group of patients had a high degree of physical
functioning or, consistent with the previous evaluation
of the items, there are not enough challenging or more
difficult items, such as those on moderate activities
(eg, moving a table, pushing a vacuum cleaner,
bowling, or playing golf).

ICCs, which cannot intersect in the 1-parameter
Rasch model, can intersect in the 2- and 3-parameter
models if the discrimination parameters between items
vary; such intersection can confound the item ordering.”
In 2- and 3-parameter models, a consequence of this is
that item 1 might be more difficult than item 2 for low
levels of the attribute, whereas item 2 might be more
difficult than item 1 for high levels of the attribute. In
such cases, the item ordering will not correspond in the
same way as the item-difficulty parameters. The Rasch
model, which assumes equal item discrimination, cor-
responds exactly to (and is defined by) the order of item
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Items

3

Lowest Ability

-3

Highest Ability

N
“

Most Difficult

Vigorous Activities

Walking > 1 mile

Climbing 1 flight of stairs

Q)

Shopping; Walking 1 block

®

Preparing meals

@

Getting around inside of home

Feeding yourself; Grooming; Dressing

Least Difficult

Figure 5. lllustration of person-item map on physical functioning. M = mean of person distribution or item
distribution; S = 1 SD from the person mean or the item mean; T = 2 SD from the person mean or

the item mean. Reprinted with permission.’

difficulties, and hence the order of the items is constant
throughout levels of the attribute.

Assumptions in IRT

Before evaluating an IRT model, it is important to
evaluate its underlying assumptions. Two assumptions
(monotonicity and unidimensionality) are often used
for scale evaluation in classical test theory, as noted
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previously. The assumption of monotonicity, which
relates to the assumption of correct model specifica-
tion, is met if the probability of endorsing each
response category increases with the person’s location
on the attribute, and if the categories representing
greater levels of the attribute require higher levels of
the attribute to have a higher probability of being
selected.
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The assumption of unidimensionality of items in a
scale is made so that a person’s level on the under-
lying construct accounts fully for his or her re-
sponses to the items in the scale; it occurs when the
correlation is absent or trivial between any pair of
items for a fixed or given level of the attribute (also
known as local independence). To satisfy this as-
sumption, one can fit a factor-analytic model to the
data to determine the extent to which there is
sufficient unidimensionality. If the model fits the
data well and there are no noteworthy residual
correlations (ie, no such correlations >0.20), it
provides support for the unidimensionality of the
items in the scale.

Sample Size

IRT models, especially 2- and 3-parameter models,
usually require large samples to obtain accurate and
stable parameters; however, the 1-parameter (Rasch)
model may be estimable with more moderate samples.
Several factors are involved in sample-size estimation
and no definitive answer can be given as to the sample
size needed.”

First, the choice of IRT model affects the required
sample size. One-parameter (Rasch) models involve
the estimation of the fewest parameters and thus
smaller sample sizes are needed, relative to 2- and 3-
parameter models, to obtain stable parameter esti-
mates of item difficulty and person location.

Second, the type of response options influences the
required sample size. In general, as the number of
response categories increases, a larger sample size is
warranted because more item parameters must be
estimated. It has been suggested that sample sizes of
>200 are needed for the 1-parameter (Rasch) IRT
model for dichotomous items.'® At this sample size,
SEs of item difficulty are in the range of 0.14 to 0.21
(based on [2/(square root of n)] < SE < [3/(square
root of n)], where # is the sample size).'” Another
suggestion is that, for item-difficulty (and person-
measure) calibration to be within 1 logit of a stable
value with 95% confidence, an expected sample size
as small as 30 subjects would suffice in a Rasch model
for dichotomous items (a larger sample size is needed
for polytomous items).”’ To be within 1 logit of a
stable value for a dichotomous item targeted to have
probability of endorsement of 50% means that the
true probability of endorsing the item can be as low as
27% and as high as 73%—a wide range. The
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challenge with Rasch analysis is that, because it
requires model-based estimation, it needs a sizeable
sample to yield stable results. This reason has led some
researchers to conclude that results of Rasch analyses
of data from small sample sizes have the potential to
be misleading and therefore small sample sizes are not
recommended.”’ In 2-parameter (eg, graded-response)
models, a sample size of >500 is recommended.'®
Although >500 is ideal, a much smaller sample could
still provide useful information, depending on the
properties and composition of the scale. In general,
the ideal situation is to have adequate representation
of respondents for each combination of all possible
response patterns across a set of items—something
that is rarely achieved. It is important, though, to have
at least some people respond to each of the categories
of every item to allow the IRT model to be fully
estimated.

Third, study purpose can affect the necessary
sample size. A large sample size is not needed to
obtain a clear and unambiguous picture of response
behavior or trends, and therefore a large sample size is
not generally needed in the instrument-development
stage to demonstrate content validity, provided that a
heterogeneous sample is obtained that accurately
reflects the range of population diversity inherent in
item and person responses. If the purpose is to obtain
precise measurements of item characteristics and per-
son scores, with stable item and person calibrations,
sample sizes in the hundreds are generally required;
one recommendation is sample sizes > 500.%*

Fourth, the sample distribution of respondents is an
important consideration. Ideally, respondents should
be distributed fairly uniformly over the range of the
attribute (construct) being measured. If fewer people
are located at the ends of the attribute, items also
positioned at the extreme ends of the construct will
have higher SEs associated with their parameters.

Fifth, measures with more items may require larger
sample sizes. Additional items increase the possibility
that the parameters of any 1 item need a larger sample
to be adequately estimated.

Finally, if the set of items in a questionnaire has a
poor, or merely a modest, relationship with the attrib-
ute (which is not unexpected during the content-validity
stage of instrument development), a larger sample size
would be needed because more information is needed
to compensate for the smaller size of the relationship. If
the relationship of items with the attribute is small,
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however, the credibility of the scale or at least some of
its items should be called into question.

DISCUSSION

Classical test theory and IRT provide useful methods
for assessing content validity during the early develop-
ment of a PRO measure. IRT requires several items so
that there is adequate opportunity to have a sufficient
range for levels of item difficulty and person attribute.
Single-item measures, or too few items, are not
suitable for IRT analysis (or, for that matter, for some
analyses in classical test theory). In IRT and classical
test theory, each item should be distinct from the
others, yet should be similar and consistent with them
in reflecting all important respects of the underlying
attribute or construct.”> For example, a high level of
cognitive ability (the attribute of interest) implies that
the person also has high levels of items constituting
cognitive ability, such as vocabulary, problem solving,
and mathematical skills.

IRT can provide information above and beyond
classical test theory, but estimates from IRT models
require an adequate sample size. Sample-size consid-
erations for IRT models are not straightforward and
depend on several factors, such as the numbers of
items and response categories.” Small sample sizes
should be discouraged when fitting IRT models
because their model-based algorithms are not suited
for small samples. Rasch models involve the estima-
tion of the fewest parameters and thus smaller sample
sizes are needed, relative to 2-parameter models, to
obtain stable parameter estimates on item difficulty
and person location. That said, even Rasch models
require a large enough sample to achieve reliable
results for deciding what items to include and what
response categories to revise.”'

If a researcher has few qualitative data and wants
to get preliminary information about the content
validity of the instrument, then descriptive assessments
using classical test theory should be the first step. As
the sample size grows during subsequent stages of
instrument development, confidence in the numerical
estimates from Rasch and other IRT models (as well
as those of classical test theory) would also grow. In
later stages of PRO development, researchers could
strive for a sample of, say, 500 individuals for full
psychometric testing. If the construct of interest is
well-defined and responses are sufficiently dispersed
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along the trait continuum, significantly smaller sample
sizes may be sufficient.

A Rasch model may be more amenable for the
developmental stages of PRO measures than other
IRT models, because of its item- and person-fit
indices, person-item map, and smaller sample-size
requirements. Compared with classical test theory, a
Rasch model (and other IRT models) provides the
distinct benefit of a person-item map. The visual
appeal of this map enriches understanding and
interpretation in suggesting the extent to which the
items cover the targeted range of the underlying scale
and whether the items align with the target patient
population.

CONCLUSIONS

The present article presents an overview of classical
test theory and IRT in the quantitative assessment of
items and scales during the content-validity phase of
PRO-measure development. Depending on the partic-
ular type of measure and the specific circumstances,
either approach or both approaches may be useful to
help maximize the content validity of a PRO measure.
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