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Abstract

In June 2009, a group of experts met in a Longitudinal Analysis of Patient Reported Outcomes Working group as part of the Statistical and Applied Mathematical Sciences Institute Summer Psychometric program to discuss the complex issues that arise when conceptualizing and operationalizing “change” in PRO measures and related constructs. This White Paper summarizes these issues and provides possible paths for dealing with the complexities of measuring change. It will
discuss issues associated with: (1) conceptualizing and operationalizing change in
PRO measures; (2) modeling change using state-of-the-art statistical methods; (3)
impediments to detecting true change; (4) new developments to deal with these
challenges; and (5) important gaps that are fertile ground for future research.
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Abstract
In June 2009, a group of experts met in a Longitudinal Analysis of Patient Reported
Outcomes Working group as part of the Statistical and Applied Mathematical Sciences Institute
Summer Psychometric program to discuss the complex issues that arise when conceptualizing
and operationalizing “change” in PRO measures and related constructs. This White Paper
summarizes these issues and provides possible paths for dealing with the complexities of
measuring change. It will discuss issues associated with: (1) conceptualizing and
operationalizing change in PRO measures; (2) modeling change using state-of-the-art statistical
methods; (3) impediments to detecting true change; (4) new developments to deal with these
challenges; and (5) important gaps that are fertile ground for future research.
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Patient- or person-reported outcome (PRO) data is increasingly collected and recognized
as being valuable in clinical research, regulatory review, and disease management. Barriers to
longitudinal collection of PRO data which have historically been raised no longer seem
insurmountable:
•

There is substantial regulatory support to collect PRO data capturing patient subjective
experiences directly from patients.

•

Clinical investigators, NIH institutes, and industry sponsors increasingly recognize the
importance of gathering PRO data to supplement other information in clinical research.

•

Consensus has developed around standards for development processes, measurement
properties, and implementation strategies for PRO measures, and these standards have
recently been encoded in documents such as the FDA’s “Guidance for Industry: PatientReported Outcome Measures Use in Medical Product Development to Support Labeling
Claims.” 74

•

A critical mass of publications demonstrate methods to gather patient-reported
information for routine medical management, and the predictive significance of patientreported information.

•

An increasing number of well-developed instruments is available.

•

Low-cost technologies are available for data collection; patients and staff are widely
familiar with these data collection strategies, and respondent burden can be minimized
through electronic data capture strategies like skip patterns and computerized adaptive
testing.
3
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Recently PRO data has expanded from the commonly used measures of health-related
quality of life and health status measures to also include symptom-specific measures and multisymptom questionnaires. The formation of the PRO Consortium within the Critical Path
Institute has encouraged collaborations between academics, sponsors, and the FDA to develop
robust, publicly available symptom-specific instruments for use towards labeling claims. Single
symptom items and item banks (such as being developed through the PROMIS [Patient-Reported
Outcomes Measurement System] initiative), and multi-item questionnaires (Such as the MDASI
[M.D. Anderson Symptom Inventory]) have advanced the ability to understand the patient
experience around specific symptoms and symptom clusters with greater precision. And
sponsors increasingly consider broadening the use of PROs beyond efficacy evaluation to assess
safety and adverse events. In response to this new interest, the National Cancer Institute’s PROCTCAE (Patient-Reported Outcomes version of the Common Terminology Criteria for Adverse
Events) initiative has emerged.
Any use of PROs in the study of illness and treatment obviously requires the
measurement of change. Understanding the patient experience at multiple time points and how
that experience may change provides investigators and clinicians with a more comprehensive
picture of the impact of disease and treatment. In the routine care setting, real-time collection of
PROs over time can assist with supportive care and treatment decisions, and flag concerning
trends. Systematic collection of PROs across patients in this context may be used to support
comparative effectiveness research (CER), which is of increasing interest for informing health
policy decisions. In the clinical trial setting, multiple repeat PRO measures as secondary
endpoints can increase confidence that the impact of an intervention is being appropriately
quantified.
4
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Far less obvious are the complex issues that arise in conceptualizing and operationalizing
“change” in PRO measures and related constructs. PROs are an important aspect of the patient
experience, and further research is necessary to increase our measurement and understanding of
such outcomes and how they change. This paper outlines issues associated with
operationalizing change in PRO measures, summarizes methods to address these issues,
illuminates gaps in the current state of science, and identifies new developments rich in potential
to fill those gaps. Section 1 outlines the major issues in conceptualizing and operationalizing
change in PRO scores. Once operationalized, change can be modeled. Current methods to
model change in PRO scores over time are discussed in section 2. Recognizing that to
understand change requires identifying what constitutes a meaningful change, methods to
identify meaningful change are described in section 3. Section 4 identifies some of the major
impediments to detecting true change, and section 5 identifies new developments that show
potential for dealing with the challenges, as well as important gaps that are fertile ground for
future researchers.
1. CONCEPTUALIZING MEASUREMENT OF TRUE CHANGE IN PRO SCORES
The paradigm that dominates the concept of change in psychometric research derives
from classical test theory. In this perspective, observed measures of change (based on
subtraction of posttest from pretest scores on a given repeated measure) can be decomposed into
components: change in an attribute’s latent true score plus differences due to random error of
measurement that occur at each observation. Cronbach and colleagues20 recognized that this
error could distort true change, and so devised an approach to regress individuals’ observed
change scores toward the grand mean of sample change, in accord with the unreliability of the
measure.

Regression approaches have also been used to adjust for measurement ceiling and
5
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floor effects that necessarily attenuate change (i.e., initial scores close to a measure’s maximum
value simply cannot increase as much as other scores). These classical corrections to change
scores are problematic because they are highly dependent upon the characteristics of a given
sample. An individual may give exactly identical responses at each of the repeated assessment
times, yet paradoxically be assigned a non-zero change score because others in the sample have
changed.
Item response theory (IRT) offers a conceptual model and methodology that helps to
overcome some of the shortcomings of classical test theory. In IRT, the estimation of an
individual’s latent true score is based on the pattern of their responses to items with well-defined
parameters of difficulty and discrimination. These item parameters may be derived separately
and applied independent of the characteristics of any given sample. IRT item parameters map
items onto the same unidimensional latent trait continuum as the person scores, and this
facilitates instrument construction making it easier to identify and deal with ceiling and floor
problems. If we assume that item characteristics are invariant and universally applicable, then
estimates of change are not subject to sample-specific effects.
Unfortunately, IRT’s strength in measuring change also contributes to its major
weakness. To be included in a measure, item response probabilities must fit a specified model
(usually a logistic function), as a function of the given latent true score of interest. Standard IRT
models have an underlying assumption that the understanding and meaning of a given attribute
must be universally applicable to all people in all situations; that is that the underlying model
describes how the PRO being measured drives the item responses in the same way for all people.
So far, many of the mainstream IRT models do not allow for large effects of individual
differences other than influences from the person’s PRO or trait level. Item responses that do not
6
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fit the probabilistic model and its assumptions simply do not follow the theory and typically are
discarded because their response mechanism cannot be accounted for. Such an approach is
potentially problematic for PROs.
In order to understand the special problems of measuring change in patient-reported
outcomes, it is important to distinguish among several broad classes of measurement. Both
classical test theory and IRT were initially developed to deal with measures of performance,
particularly in educational and intelligence testing. In the health domain, tests of mobility, grip
strength, or completion of neurocognitive tasks are all performance measures. All of these
measures require the individual to demonstrate ability, and all have an objective “right” answer.
Although performance measures may involve observational, verbal, or written assessment of
individuals, they are NOT properly understood as PROs any more than measurements of viral
load or blood pressure would be PROs.
A second category of measurement involves individual perceptions. In this domain,
patients are asked to report on the occurrence, frequency, or magnitude of some event of interest.
Perceptual measures such as the number of missed doses, the number of days spent in bed or the
frequency of unprotected sexual intercourse may be considered as legitimate PROs. The most
important aspect of these perceptual measures is that they necessarily refer to an overt activity
that could in principle be observed, if not for practical or ethical constraints. Perceptual
measures ask individuals to report on some objective behavior as accurately as possible from
their personal recollection of events and experiences. To be sure, factors extrinsic to the attribute
of interest such as accuracy of recall, social desirability or cueing effects can enter into the error
of measurement, but in each case there is an externally verifiable “right” answer.

7
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Many PROs represent a third broad category, evaluative measures. Evaluative measures
include ratings by patients of how good or bad they feel in respect to a given set of experiences.
Questions asking individuals to judge their overall health status, quality of care, symptom
distress, and performance difficulty are all evaluative in nature. There are no external
validations for the responses to evaluative measures; an individual may visibly experience
shortness of breath when he climbs one flight of stairs, but if he reports little difficulty, than the
researcher or clinican must accept that answer. Again, extrinsic factors such as desirability or
cueing may affect evaluation, but even more important for measurement purposes are intrinsic
factors related to the process individuals use to appraise the PRO being evaluated. An individual
may say that he had little difficulty going up the stairs compared to last month or compared to
what he was told to expect at cardiac rehab sessions or compared to what he expected after
reading about his condition on the Internet. Each of these standards of comparison is valid, and
an individual’s response might be apparent if we were to elicit the standard they were using. If
measurement operations were to impose a standard of comparison (i.e., compared to a 25 year
old individual in good health), we might get the answer that we expect, but it might bear no
relationship to the individual’s subjective experience. Note that some overtly perceptual
measures have evaluative components. For example, how often an individual received emotional
support from neighbors depends on the individual’s interpretation of “emotional support.” In all
these situations where the individual has their own subjective appraisal, difficulty in the
measurement of change is compounded, because it cannot be assumed that an evaluative item’s
meaning or its relationship to underlying latent variables are constant over time. Identifying true
change in a PRO score involves not only assessing a change, but also attributing the change to an
appropriate mechanism. It is of use to know if the actual condition (pain experienced by the

8
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patient) has changed, or if the patient’s appraisal of the condition changed. Both will affect the
experience for the patient, but can have very different implications.
Responsiveness

Responsiveness has emerged in PRO and quality of life (QOL) measurement literature as a
PRO instrument’s sensitivity to detect a true difference or a true change (in a longitudinal setting).
Simply stated, a PRO instrument is responsive if it shows change when there is true or known
change. However, demonstrating evidence of an instrument’s responsiveness is difficult.

Often evidence of responsiveness requires identifying a responder using a measure other than
the PRO scale, such as a related clinical measure. Then, using this external measure to classify
patients into responders and non-responders, several statistics such as Cohen’s effect size or Guyatt’s
responsiveness statistics are available to provide effect size estimates of how responsive the PRO
scale is to changes in the external measure.33 Although no consensus standard for a responsiveness
statistic exists, a recent review and comparison of the available responsiveness statistics identified
one index, Cohen’s effect size, as most appropriate. Cohen’s effect size was selected because it
anchors observed change against variability at baseline, it is less vulnerable to extreme values and is
more readily interpretable.51 Good overviews of responsiveness can be found in papers by Norman
et al 51 and Fayers and Hayes.26
It is important to note that responsiveness is a contextualized attribute of an instrument5
rather than an unvarying characteristic—it is specific to and will vary as a function of who is being
analyzed (individuals or groups), which scores are being contrasted (cross-sectional versus
longitudinal), and what type of change is being quantified (observed change vs. important change).

9
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As such, it is a characteristic of the performance of the instrument in a given setting with a given
population.

2. MODELING CHANGE

Once instruments are available that validly measure a change, we can model that change
over time. Only after first selecting a sensible statistical model can researchers maximize the
precision of estimates, enhance the power to detect effects, and improve the overall validity of
results drawn from data analysis. Traditional statistical approaches in longitudinal studies have
relied on the use of some form of the general linear model (GLM). Hedeker and Gibbons35
present accessible summaries of these GLM-based methods, and Muller and Stewart47 offer a
systematic and updated treatment of the underlying GLM theory.
In general, GLM-based methods have a number of deficiencies that preclude them from
being routinely applied to analyze longitudinal data. Basically, GLM-based methods make
simplying assumptions about the longitudinal data that rarely are met in practice. In addition, at
the core of GLM-based methods is a comparison of mean differences; thus GLM-based methods
do not provide information about individual differences in the longitudinal trajectories.
Although GLM-based methods have application, newer methods more suited for
longitudinal analyses are now available and widely used. There are two general model
formulations that developed somewhat independently within two different research areas. The
first modeling framework is multi-level modeling (MLM). Such models are also referred to as
hierarchical linear models in educational and behavioral sciences55, and mixed-effects models or
mixed models in biometrics and medical statistics.21 The second modeling framework is

10
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structural equation modeling (SEqM), particularly the so-called latent curve models for repeated
measures data.11 (In the literature, structural equation modeling is typically abbreviated as SEM;
however in this manuscript SEM will abbreviate standard error of measurement). SEqM
represents the culmination of econometric/sociometric simultaneous equations (path) analysis
and the psychometric factor analytic measurement models.10
In both MLM and SEqM, we specify a model directly on the repeated observations for
each individual. MLM and SEqM also offer more flexibility than GLM-based methods to more
accurately model the functional forms of the change over time. Specifically, both MLM and
SEqM allow for individual differences in the initial status and rate of change, which are
represented as (co)variance components. Both time-varying and time-invariant covariates can be
included in the models to help researchers better understand the causes and patterns of change
for individuals as well as groups. Through the use of full-information maximum likelihood,
MLM and SEqM require only the relatively weak missing at random (MAR) assumption for
missing data43 (discussed in more detail in a section on missing data). Thus these models can
handle unbalanced designs with ease. Importantly, MLM or SEqM analyses provide estimates of
individual characteristics of growth and how these individual characteristics relate to the
covariates.
For a large class of models, MLM and SEqM lead to equivalent model formulations.
MacCallum, Kim, Malarkey, and Kiecolt-Glaser44 discuss these similarities in detail. The
essence of the similarities is that the random effects in MLM are specified as latent variables in
SEqM. If the two frameworks produce equivalent models, it can be shown that the two
frameworks lead to the same parameter estimates.4 MLM is more advantageous when subjects
are clustered (e.g., subjects nested within clinics) because accounting for and modeling
11
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additional levels of nesting in MLM is straightforward. SEqM is more flexible when some of the
covariates are latent constructs that are measured by fallible observed indicators because SEqM
easily accounts for measurement error.
3. ASSESSING CHANGE: IDENTIFYING MEANINGFUL CHANGE
Identifying true change in PROs over time is only one important facet of analyzing
change. A second important aspect is identifying when a change in a PRO score is meaningful.
Because PRO scales are typically without meaningful units, it is difficult to make clinical and
regulatory decisions based on PRO assessments. In an effort to provide guidance to decisionmakers, researchers have proposed various methods for estimating minimal important
differences (MIDs) or minimal clinically important differences (MCIDs) for PRO scales. An
MID is defined as the “smallest difference in a score in the domain of interest which patients
perceive as beneficial and which would mandate, in the absence of troublesome side effects and
excessive cost, a change in the patient’s management.”38 Basically an MID is the smallest PRO
score difference that can be judged as meaningful.

The FDA draft guidance for industry, Patient-Reported Outcome Measures: Use in
Medical Product Development to Support Labeling Claims.74 extends the responsiveness property
to include some definition or benchmark for change on the PRO scale which characterizes the
meaningfulness of an individual patient’s response to active treatment rather than a group’s response
to treatment. This indicates the importance of identifying meaningful change in order to interpret
and use PRO scores in clinical trials. Patients achieving the benchmark amount of response are
considered treatment “responders,” whereas patients not achieving that amount of response are
considered “non-responders.” The draft guidance provides examples of definitions, such as a 2-point
change on an 8-point scale or a prespecified percent change from baseline. These prespecified values
12
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are defined using external measures and should be at least as large as an MID because minimal
change although important to the patient, and dictating some change in treatment strategy may not be
sufficient to classify a patient as a responder.

At this time, there is no consensus on the best methodology for defining the values for a
MID. Consequently, common practice is to calculate multiple estimates of MIDs and compare
both the values and the results when each estimate is applied to judge the meaningfulness of a
reported change.57,67 The FDA’s draft guidance also refers to the practice of using multiple
methods to compare MID estimates and describes this approach as “generally helpful” when an
MID is applied to clinical study results. The FDA guidance further commented on the need for
optimal approaches and standards for MID definitions to be set for the interpretation of clinical
study results, presumably with the goal of providing clear recommendations in a final version of
the guidance.

After the MID or a range of MIDs has been defined, comparisons at the patient level or at
the group level may be made using the MID(s) as a discriminating guideline. For example, the
mean difference between treatment groups may be compared to the MID to supplement
statistical findings and provide information regarding the clinical meaningfulness of the
difference. At the patient level, the percentage of patients achieving change of at least one MID
for each domain can be compared across treatment groups as a criterion for the amount of
improvement. Specifically, percentages of patients achieving at least one MID of change versus
those not achieving an MID often will be compared overall and for each treatment group across
the entire treatment period. Additionally, the percentage in each group can be compared
statistically as a test of greater improvement for one treatment over another (e.g., comparing the
treatment versus placebo). There are three common categories of MID estimation techniques
13
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1. Anchor-based methods: compare changes in PRO scores over time with patientor clinician-reported global ratings of overall change in disease severity on a
balanced Likert-type scale. For more detail see the study by Juniper et al. 39 The
name of the class of method derives from the PRO results being “anchored” or
defined by differences in ratings of change (either self-reported or clinicianreported ratings). More recent adaptations include methods to optimize
classification of the “achieved” vs. “not achieved” minimum change on the
anchor using ROC curves.
2. Distribution-based methods rely on the distribution of the empirical data from an
administration of the PRO measure. Most commonly the distribution based MIDs
are some function of the standard deviation of the baseline scores (this includes
methods based on the Standard Error of Measurement; or SEM). For more details
see Norman et al.49 and Wyrwich et al.77
3. Statistical Rules of Thumb MID estimation methods are, as the name implies,
based on statistical rules of thumb. For example, across numerous studies a 0.5unit change or greater per response on a 7-point graded-response question has
been applied to define an MID.32,50 This method is straightforward in application
and reasonably consistent across quality of life domains for various conditions
such as heart failure, chronic respiratory disease, and asthma.39
4. MAJOR IMPEDIMENTS TO DETECTING CHANGE
We have identified what constitutes a true change in a PRO score is, as well as how to
model this change and how to interpret the meaningfulness of the change. Next, we delve into
some of the impediments we encounter when measuring change in practice. There are a number

14
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of threats to the measurement of true change. We focus on three particular threats relevant to
longitudinal PRO data: 1) response shift, 2) instruments with varying sensitivity across the trait
of interest, and 3) non-ignorable dropout during a trial. The estimates of change are more
sensitive to these factors when the objective is to estimate the magnitude of change within a
specific population than when the objective is to estimate the differences in change between
groups.
Response shift
As mentioned previously, individuals employ subjectivity to appraise their quality of life
and other PRO variables; in fact no measurement of quality of life or related evaluative
constructs is possible without subjective appraisal. It is perfectly understandable that an
individual’s criteria for these PROs can change during (and even be changed by) a course of
illness and treatment. In the area of quality of life research, Schwartz and Sprangers64,68 refer to
these changes as “response shift” phenomena. Many studies over the past decade have
unequivocally demonstrated the ubiquity of response shifts in all manner of PRO measures.2
Sprangers and Schwartz identified three types of response shift: recalibration, a change in the
person’s internal standards used to make comparisons; reprioritization, a change in the
respondent’s values; and reconceptualization, a change in the respondent’s view or definition of
the construct.68
Upon first inspection the subjective aspects of a “response shift” may seem to contribute
to measurement “error” in that many current PRO measurement instruments do not account for
the subjective aspects that influence the score. However, labeling the effects of subjectivity as
error is a misnomer. In practice, the error term represents deviations in the score that are not
explained by the measure. In the case of a misspecified model, where systematic variability
15
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exists but is unaccounted for, the variance of the error term absorbs that variability. Perhaps a
paradigm shift is required: In this example of subjective appraisal factors, the model is more
succinctly considered to be misspecified.
It is clear that in order to have more precise and meaningful measures of PROs, we must
know when and how to account for the subjectivity in our measurement of the PROs. This
differs from asking an individual to simply recount an activity or event, because we are asking
about their own judgment. In order to more fully address the nature of change in evaluative
measures, Schwartz and Rapkin introduced the notion of the “contingent true score.” They argue
that any evaluative measure must be interpreted contingent on a cognitive-affective process of
appraisal that underlies an individual’s response.54 They formulate that the true score depends
upon four parameters of appraisal: the individual’s frame of reference or interpretation of an
item, a sampling of experiences, the standards of comparison, and the algorithm for combining
or reconciling discrepant experiences. Rapkin and Schwartz discussed how the three types of
response shift, reconceptualization, reprioritization, and recalibration, could be understood in
terms of changes in appraisal parameters that in turn account for discrepancies in the observed
versus expected changes in a patient’s response to evaluative measures.54 Subsequent research
using cognitive interviewing by Bloem and colleagues9 and ethnographic methods by Wyrwich
and colleagues76 have helped to validate this model by showing that these four domains of
appraisal substantially account for individuals’ introspective statements about their quality of
life.
It follows that any measurement of change in evaluative measures (and in certain
perceptual measures) would be contingent upon change in the underlying parameters of the
appraisal. To explain we revisit the example from section 1 of an individual rating his ability to
16
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climb stairs without experience shortness of breath. If we re-evaluate that individual six months
later, he may climb the stairs in 30 seconds with little shortness of breath, but rates his difficulty
as high. This seemingly inconsistent measurement (indicating more difficulty when physically
exhibiting more ease with the situation) occurs because of a change in his subjective appraisal.
At the six-month follow up perhaps the patient researched his condition and expected his
recovery to be faster or the post-surgical pain he was previously experiencing is now gone or
because he has been working so hard in rehabilitation. Again, all of these underlying reasons are
perfectly understandable and valid; therefore the patient’s appraisal is part of their experience of
QOL. All of these underlying reasons for his response shift are perfectly understandable and
valid; therefore the patient’s appraisal is part of their experience of QOL.

Expected changes

may be based on clinical judgment, a comparison with performance measures, or statistical
norms in a given sample. Accounting for appraisal parameters will essentially reduce the
measurement error (as estimated by the residuals).
It follows from the contingent true score model that response shifts in PROs induce bias
or measurement error only because in reality they are an un-specified aspect of the classical
model. In fact, evaluative outcomes necessarily require individuals to judge their experiences in
order to make their ratings. How individuals judge their experiences will largely determine their
response to items. Because appraisal processes are highly subject to change over time, we
contend that a measurement of “true change” in evaluative measures requires a direct
measurement of the appraisal. Put differently, change in many PROs of interest cannot be
adequately understood in terms of movement along a single latent variable, representing better
versus worse experiences. Rather, change in several of these PROs can be adequately
understood only in the context of the appraisal.
17
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Sensitivity Changes Across the PRO Continuum
It is challenging to develop items to measure across the entire range of may PROs, and
instruments tend to be adequately sensitive for only subsets of the range of the construct rather
than for the entire range. Even the newly developed PROMIS instruments – The item banks of
which underwent extensive qualitative and quantitative development – tend to be more sensitive
and reliable at certain values for the construct.29,58,71 For example, the Pain Impact bank from the
PROMIS instruments has very little reliability at the lower end of the range. These qualitative
issues affect the measurement of PROs, and therefore affect the ability to longitudinally measure
PROs; instruments that are sensitive to a particular change at a particular level in the PRO may
not be sensitive to changes at other levels in the PRO.
Missing Data
Any researcher involved with longitudinal studies using PRO measures knows the
problems that arise in the analysis of change due to missing data. Quite often the data are missing
because the subject’s quality of life has dramatically declined, or the symptoms have become so
severe that they stopped reporting their data. Therefore, the missingness of the data depends on
the outcome being measured, and such missingness cannot be ignored. Statistically speaking
these are non-ignorable missing data, or missing not at random (MNAR). These data are
problematic because selection of the appropriate analytic models depends on untestable
assumptions.25,37,46
Most classical statistical models depend on the missing at random (MAR) assumption.
When the data are MAR, the probability of missingness depends only on the observed data

(Y obs ) and the covariates ( X ). Appropriate analytic models in this case include well-known and
widely available methods such as maximum likelihood estimation using mixed effects models.
18
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When missing data are non-ignorable, the probability of missingness depends also on the
unobserved values. In such an instance, the use of analytic methods such as maximum
likelihood estimation may generate biased estimates.
As most statistical methods assume that missing data are MAR, the typical approach for
non-ignorable missing data is to collect or determine ancillary data that capture the relationship
between missingness and the unobserved data. This ancillary information is generally other
measures of change or response ( Y anc ) and not baseline covariates ( X ). Ancillary information
may include other measures of disease progression or response to treatment or concurrent
assessments by caregivers that continue when the subject cannot provide the assessment. The
assumption is that when the ancillary data is included in the analysis, the missing data are MAR
(that is, with the ancillary data, the missing data can be ignored). 24,43 Methods that have been
considered for non-ignorable missing data are multiple imputation using ancillary data, pattern
mixture models, and shared parameter (joint) models.
A classical method for handling missing data is multiple imputation, which assumes that
the missing data are MAR (independent of the value of the missing scores given observed scores
( Y obs ) and covariates ( X )). However, if the information used in the imputation procedure is
limited to the information that would be used in the ultimate analysis (i.e. no ancillary data), the
results of multiple imputation will be the same as if one estimated the longitudinal change using
standard longitudinal methods (such as mixed effects models). The use of multiple imputation
will result in improved estimates of change only if ancillary information ( Y anc ) is incorporated
into the imputation, and the data are then deemed MAR conditional on the observed data,
covariates and the ancillary information that has been incorporated.24

19
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Pattern mixture models assume that there are subgroups of patients defined by an
indicator for a pattern of missing data, and the data are MAR within the subgroup given the
model for change over time.37,46 The overall results are based on weighted averages of the
parameter estimates within these subgroups. The ancillary data enters into the process by
defining the subgroups. Although this method initially appears to be easy to impliment, the
typical analyses requires that either patterns are pooled until there is sufficient information to
estimate all the parameters within the subgroup or assumptions are made to
extrapolate/interpolate across missing assessments.
Joint (shared parameter) models simultaneously estimate the longitudinal trajectory of the
outcome of interest ( Y obs ) and the ancillary information ( Y anc ) usually linking the models
through the random effects.60,61 The assumption is that conditional on the observed data ( Y obs
and Y anc ), the data are MAR.

5. NEW DEVELOPMENTS

New developments on the cutting edge of patient-reported outcome measurements can
address some of the previously mentioned pitfalls. New modeling techniques can enhance the
PRO measures and address other issues related to change, such as identifying an MID or MCID.
Assessing appraisal variables and accounting for their effects can increase the sensitivity to
detecting true change. Furthermore, taking advantage of technological advances to administer
PRO measures can overcome some missing data issues, and possibly facilitate standardization of
some of the appraisal variables.
The Quality of Life Appraisal Battery:
20
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A complete and adequate understanding in changes of PRO scores requires direct
assessment of changes of appraisal to account for response shifts. Toward this end, Rapkin and
Schwartz introduced a Quality of Life Appraisal Battery that can elicit multiple measures of each
of the four appraisal parameters.54 The Quality of Life Appraisal Battery includes separate
sections to assess each of the four components identified by Rapkin and Schwartz: persons’
frame of reference for considering quality of life, how persons sample experiences within that
frame, how persons evaluate experiences, and how persons summarize and combine evaluations
to describe HRQOL.54 Li and Rapkin42 have demonstrated that this Quality of Life Appraisal
Battery can successfully account for changes in quality of life measures that are due to changes
in appraisal. Theefore a rich area of future research involves how to incorporate appraisal
information into PRO measurement. For purposes of this report, it will be useful to briefly
summarize the four sections of the battery: Frame of Reference, Sampling Experiences,
Standards of Comparisons, and the individual’s combinatory algorithm. Detailed information on
the scoring and psychometric properties of the Quality of Life Appraisal Battery is available
from the authors.
Frame of Reference: Rapkin introduced a measure to probe patients about their life
goals.53 The responses to this instrument facilitated construction of a component of the battery to
measure a person’s frame of reference for PRO assessment. Substantively it captures the
individuals status in broadly areas of concern that are common to most people. Then it also
captures more particular concerns that nonetheless have an important influence on an
individual’s appraisal of a PRO.
Sampling Experiences: Rapkin and Schwartz asked participants to reflect on what they
were thinking about during a PRO measure that they had just completed. Five dimensions were
21
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identified: Thinking about Implications of Illness and Impact on Others; Reacting to Recent
Flare Ups; Trying to Focus on Positive Experiences; Managing Communications in the
Interview; and Thinking of Things that were Raised by the Interview.
Standards of Comparison: The battery assessed individuals’ standard of comparison by
asking them to indicate the kinds of situations or people they were thinking about in rating
quality of life questions. Three components were identified: Comparing Oneself to Other
People; Social Norms and Expectations; and One’s Ideal.
Combinatory Algorithm: In order to determine how people formulated their responses
to HRQOL questions, patients are asked to consider a series of 16 items, presented as paired
contrasts. For example, we asked people to indicate whether they were thinking about “how well
you’ve been doing, how hard it has been, both or neither?” when they responded to HRQOL
questions. Principal components analysis of these items yielded seven summary dimensions,
including a focus on Negative Experiences and Feelings; Positive Feelings and Successes;
Change versus Stability; Unfinished versus Finished concerns; Others’ Concerns versus Your
Own; Recent versus Long Standing Concerns; and Independence versus Dependence on Others.
Multidimensional IRT

The advantages of item response theory (IRT) over classical test theory (CTT) in health
outcomes measurement have been demonstrated by a recent wave of applications.22 However, it
is evident that if response shift occurs, or if appraisal information is to somehow be included in
QOL or PRO measures, the construct is no longer unidimensinal (that is, having one latent trait).
As mentioned earlier, in unidimensional IRT, a single latent trait is presumed to be the
underlying construct that the observed items are measuring. Multidimensional IRT relaxes this
22
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restriction so that the observed items are influenced by multiple latent variables.23 In
longitudinal settings, multidimensional IRT models are particularly useful to explore the stability
of the measurement structure over time; specifically multidimensional IRT models can detect
response shift occurrences.
For example, consider a PRO construct such as depression that is being assessed at two
time points (perhaps before and after treatment) for a group of respondents. For a variety of the
reasons mentioned above, the relationship between the items and the latent construct may change
over time. From a psychometric perspective, this is a classical longitudinal measurement
invariance issue. To model and test invariance, we require an IRT equivalent of the longitudinal
factor analysis model.72 In this model, the unidimensional construct at the two time points are
represented as two correlated factors, each measured by the time-specific item responses. The
fact that the same items are used twice leads to residual dependence that can be modeled by
including additional latent variables that are defined by item doublets across time.

1

2

Figure 1: Path diagram for
multidimensional longitudinal IRT model

Figure 1 uses path diagramming conventions to show the general structure of this model
for three items and two occasions. The observed items are represented as rectangles and the
23
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latent variables are circles. A longitudinal multidimensional IRT model was considered, for
example, by Hill (2006) for dichotomous responses, and by te Marvelde, Glas, & van Damme
(2006), with some restrictions, for ordinal responses.36,70 These multidimensional IRT models
can be used to test a variety of longitudinal measurement invariance hypotheses by manipulating
the constraints on the item parameters. Under appropriate circumstances, this model allows the
researcher to tease apart the observed change into two components: change due to response shift
and true change in the level and variability of the latent construct.
However, in the above scenario, response shift is still seen as a type of nuisance, and not
as an intrinsic part of measurement for PROs. A strong possibility for future research is to
incorporate appraisal information into multidimensional IRT models to control for and limit the
effects of response shift. This could enhance longitudinal measurement of PROs and facilitate
the understanding of true change. Other possible modeling techniques to incorporate appraisal
information and adjust for any effects from the appraisal variables may exist as well.
Incorporating the appraisal information as part of a PRO assessment is a challenging but
important task.
While the basic principles of multidimensional IRT are straightforward, their application
has been hampered by challenging computational issues in parameter estimation. For instance,
in the model depicted above, the number of latent variables is equal to the number of time-points
(two) plus the number of items (three). Fitting a 5-dimensional IRT model to data requires a
non-trivial amount of computation. In particular, obtaining maximum likelihood estimates of the
model parameters requires the numerical approximation of high-dimensional integrals, which
leads to an exponentially increasing computational burden. Recent computational advances in
adaptive quadrature,59 Markov chain Monte Carlo methods,6 and stochastic approximation13,14
24
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are poised to resolve the computational challenges and make multidimensional IRT practical for
health outcomes research.
Emerging Methods for Defining MIDs

New methods have been developed to define MID or CMID values. Emerging methods
include approaches incorporating clinical or patient-based judgment. For example, one approach
requires that a panel of healthcare professionals determine a “consensus” value for MID based on
a series of appraisals using their clinical experience and standard-setting techniques.34 This
approach can also be applied using patient panelists as the experts on, for example, the amount of
change needed to impact daily activities or health-related quality of life. (Patient queries of this
nature can be included during the cognitive interview stage of instrument development.) Another
approach combines clinical judgment and ROC curves to identify the unit of change on the PRO
that best predicts clinical judgment of the minimal important change.73 Finally, a more recent
idea, still in the early stages of development, uses item response theory to compute change in the
PRO measure on the standardized latent construct scale and builds upon the anchor-based
methods by identifying the minimal value in terms of the minimally identified change on the
latent construct or theta.45

The Role of Gadgets
Interactive Voice Response: In addition to methodological developments that can
enhance measuring and detecting change in PRO scores, new technological developments can
also facilitate the measurement of change in PROs. Collecting PRO data such as symptom data
from patients is an ongoing challenge for both clinicians and researchers. A major problem is
tracking PROs in general and symptoms in particular between clinic visits when patients are at
25
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home and may be reluctant to report that symptoms are getting worse. Given that memory of
pain and other symptoms is often poor, the real time assessment of symptoms can provide
accurate data regarding symptom patterns and changes over time.
Developments in computer and communications technology offer new opportunities for
the assessment of PROs, allowing great flexibility in the collection of data regardless of time or
venue. However, not all patients are comfortable using hand-held computers or other small
automated devices. In addition, patients have to remember to carry and use the devices every day
and to bring or transmit the symptom data to their health care providers.
The development of telephone interactive voice response (IVR) technology provides an
exciting option for two-way communication with the provider that is acceptable to most patients.
Telephone systems have been widely used in outpatient health care settings for communicating
with patients, identifying symptoms that need medical attention, and following patients after
treatment.41 However, traditional telephone communication requires considerable staff time and
is not feasible for assessing PROs on a regular basis. Using IVR technology that combines touch
tone telephones with computers and the internet is an effective way to follow patients who have
PROs such as pain that need to be monitored closely while away from the clinic or hospital. A
patient can respond to spoken instructions by using the keypad of a touch tone phone. For
example, a patient might be asked to rate his/her pain at its worst in the past day from 0 (no pain)
to 10 (pain as bad as can be imagine). Information obtained in this way can be used to update a
patient file on an Internet or Intranet site. In addition, the system can be configured to alert
physicians and other health care providers as necessary.
IVR systems have been shown to be successful tools for assessment and for clinical
interventions. Studies show success assessing depression40 and also facilitating the treatment of
26
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other chronic health problems.48,52 The computer versions of scales provide data that are
equivalent to interview scales or self-administered scales.1 Patients have been able to accurately
and reliably use an IVR system designed to assess the special needs of cancer patients receiving
chemotherapy.65
In summary, an IVR system provides reliable and valid data. Accurate and regular
symptom assessment, with data provided to the patients’ physicians, facilitates symptom
management and as a consequence results in the patients’ accepting its use and being motivated
to respond. When coupled with the flexibility of the system for data collection, tie IVR system
should also minimize missing data, especially in longitudinal studies.

Computerized Testing: The widespread use of computers in clinics, and the
development of portable computing systems have introduced computerized testing for PROs.
These developments allow us to administer PRO instruments onl a local computer or over the
Internet, but and have also allowed us to develop and employ adaptive versions of PRO
instruments, known as computerized adaptive testing instruments (CATs).3,7,8,16,18,19,27,28,56,62
CATs reduce the respondent burden of questionnaires and maintain the precision of the
PRO score because they adaptively select items targeted for the individual’s current experience.
CATs work because they are associated with large item banks that cover a range of the PRO of
interest. Modern item response theory models are used to characterize the items in the bank and
mathematical algorithms dictate how to select items from the bank based on these models. For
example, a person experiencing no depressive symptoms might be administered an item such as
“I feel sad” but then would likely not be administered a more extreme item such as “I feel so sad
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I have thought of harming myself.” Furthermore, the patient interface is flexible; for example, a
CAT can be administered using an IVR system. By reducing respondent burden, CATs have the
potential to increase adherence and reduce missing data.
Creative Item Types: Computer-based administration of questionnaires and tests
supports the use of creative multimedia formats such as video and electronic graphics and games.
Although still relatively untapped for the assessment of PROs, such creative formats are in use as
teaching aids, and are being introduced into computer based educational assessments.3,17 An
early study involving health states found that subjects better understood the conditions being
described when multimedia formats were used rather than traditional paper-and-pencil formats.30
As a result of that study, a computer-based program to elicit preferences for a particular PRO
(activities in daily living) has been developed. The program uses videos, pictures and other
multimedia presentations via computer to familiarize respondents with health states that may be
unfamiliar to them. That program has found some success, but this program does not measure
PROs directly31,66. Using multimedia formats in an attempt to anchor PRO assessment in a
similar way may have similar results, reducing some response shift and other phenomenon that
interfere with longitudinal measurement of change for PROs.

6. FUTURE DIRECTIONS

Identifying true change in PROs is challenging because measuring PROs is intrinsically
difficult. The process of self-report is complex and there are many factors such as the subjective
appraisal variables mentioned above that can influence self-report scores.54,63,69 Furthermore,
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some of the PRO constructs, such as quality of life are also highly complex, and to some extent
subjective to an individual’s values and experiences.
Although substantial advancement has been made to create reliable, valid and responsive
instruments for measuring PROs, determining how to best measure PROs is a process that is still
under development. This is natural; all measures develop. Historically, even well-defined
physical measures such as length had their developmental periods. For example, what is now
the standard “foot” in the US and English metric system was once a variable and uncertain
measure. In ancient times, measures of length were based on body parts;12 the traditional belief
being that a “foot” of length derived from humans measuring distance by the equivalent number
of their own feet that would cover the length in question. Of course individual feet vary in
length, and traditional accounts relay that as a first attempt to standardize the measure of length
in medieval times, the length of the King’s foot was declared the standard “foot.” However, this
was still problematic because the measure changed with every new king. Finally, a unified, nonchanging standard was applied and we have the foot defined as it is today.
The historical accuracy of the details of this account is questionable; nevertheless there
are documented cases in which the definition of a measure changed as it progressed to what we
understand it to be today. As another example, an early version of a “mile” measured 5000 feet
rather than the current standard of 5280 feet.
The same process of working toward a unified standard is underway among researchers
who assess PROs. Several measures for PROs exist that are widely used, valid and reliable. For
example, measures used to assess quality of life (QOL) include the Functional Assessment of
Chronic Illnesses Therapy suite of measures, ( http://www.facit.org) and general health outcome
measures such as the short-form 36 health survey questionnaire (SF-36).75 Furthermore, new
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measures are still being developed such as the Patient Reported Outcome Measurement
Information System (PROMIS) tools (http://www.nihpromis.org). In many cases there is
substantial overlap between the measures (i.e. more than one measure targets a specific PRO
such as depression). However with the recent efforts of the PROMIS initiative and heavy
reliance on modern IRT methods researchers are attempting large-scale standardization across
the different PRO measurement scales. “Crosswalks” and other methods of transforming one
instrument’s scale onto the PROMIS measurement scales are currently being developed15.
Most PRO measures do not yet account for the appraisal factors that continue to affect
how people report their experience. Developing measures to incorporate appraisal parameters
can greatly reduce the obfuscating effect of a response shift and concomitantly increase
measurement precision. However, despite the conceptual advantages offered by the appraisal
model, incorporating appraisal data presents problems. Thus far, approaches to assess appraisal
involve qualitative data that require considerable coding to use in a quantitative analysis. Indeed,
Bloem suggests that appraisal parameters are best assessed for each individual item. Although
reliable, coding schemes have yielded dozens of variables which complicate the analysis. A
more parsimonious system to describe appraisal parameters or the identification of overarching
response states would be most valuable.
Further, it is as yet unclear how to reconcile these different approaches to the
measurement of change in PROs. Appraisal parameters necessarily come into play when
individuals respond to items. Item evaluation and selection according to item response theory
assumptions must then account for and reflect appraisal processes. It may be that current IRT
item selection in some way constrains appraisal; for example, perhaps only the items that invoke
a consistent frame of reference across people demonstrate the necessary properties for inclusion.
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If so, it is necessary to ask what frame of reference we are unintentionally imposing by excluding
conceptually-relevant items with unacceptable item performance curves or high differential item
functioning across diverse groups.
A second possibility is that the evaluation of items may be relatively independent of
appraisal. For example, at a given time of measurement, individuals may respond to items such
as “I feel healthy,” “I am physically fit”, and “I am able to perform all of my activities without
difficulty” using a common (enough) set of appraisal criteria that these items will almost always
correlate highly with one another. That would likely be sufficient for such items to hang
together in IRT analysis to jointly estimate latent traits and item characteristics. However, the
fact that these items tend to co-vary because responses reflect similar underlying appraisal
parameters may not mean that the appraisal is ignorable at all times for these items. Different
individuals may still appraise these items differently, and an individual’s appraisal may still
change from time to time. The score on the latent variable may provide an accurate estimate of
the individual’s level on a PRO variable, but it provides no information concerning the different
cognitive pathways the individual followed at each assessment to make his or her ratings.
In order to capture true change in PROs, it will be necessary to carry out research that
brings together concepts from IRT and the contingent true score model. For example, as
previously mentioned, it may be that appraisal parameters can be more adequately captured in
models that permit multidimensional latent variables, such as with multidimensional IRT
models. Removing ambiguous or volatile items identified through IRT may help to reduce
response shifts. Furthermore, using IRT and related computer adaptive testing approaches to
assess appraisal itself may be useful in better quantifying and minimizing the burden associated
with the assessment of appraisal parameters. Incorporating appraisal information into a purely
31
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psychometric treatment of items in IRT might guide decisions about item selection and about the
underlying dimensionality of the latent traits.
Another possible approach might be to adapt PRO measures to include new items or new
collection techniques that can anchor some of the important appraisal variables. Perhaps in
specific settings such as during a chemotherapy treatment regimen, there are ways to develop
items that fix the appraisal variables at specific levels such that they remain consistent for
patients across the treatment period.
In addition to developing methods and tools to control and account for response shift,
additional work in interpreting change values is required. Despite notable developments in our
understanding of minimal important change, MID/MCID, and responsiveness, there are many
issues that require further investigation. First, in current practice, units that have been defined at
the patient level are used to make both patient-level and group-level judgments. However,
smaller group-level changes or smaller differences in means between groups may equate to
similar treatment impacts as indicated by patient-level classifications based on an MID. Using
Fisher’s exact test to compare the classifications of patients into groups who “achieved MID”
versus those who “did not achieve MID” by treatment is not equivalent to testing whether the
means of the treatment groups are statistically different and the amount of difference is at least
one MID unit.
Second, most anchor-based approaches use only a portion of the available data (e.g., data
for patients who respond “slightly better” or “slightly better/slightly worse” on an anchor). Data
from this sometimes very small subset are used to estimate the MID, while the remaining data
are ignored or simply checked to ensure that the pattern of change based on response to the
anchor matches the expected change on the PRO scale. Future research could identify ways to
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incorporate all the data from anchor-based methods to define MIDs or ways of interpreting
change.
Third, MIDs or CMIDs are applied uniformly along the entire score range. This may not
be reasonable for all settings. Under certain circumstances it may be reasonable that MIDs vary
according to disease severity or some other characteristic—minimal important changes may
depend on where a patient begins on the concept measured (similar to an ANCOVA-type
argument). In addition, the measurement precision of the instrument should also be taken into
account when defining an MID. For example, an MID should not be identified and then applied
at the patient level if it is less than the standard error of measurement.
Finally, very little work has been done related to the contingent true score model and the
effect adopting this model has on developing MID estimates. How to define or interpret MID
under the contingent true score model, how this can influence a response shift, and the effect a
response shift might or might not have on a MID developed using the contingent true score
model are still open areas of research.
Much progress has been made in measuring and analyzing PROs longitudinally, and new
cutting-edge methods are being developed; nevertheless, there is plenty of room for
improvement. Interestingly, the problems of non-ignorable missing data and response shift have
some underlying similarities. Both are situations in which ancillary data improve the likelihood
that the estimation of change is closer to the true change. The challenge in both areas is to
identify the ancillary variables through research and to prospectively incorporate them into
clinical investigations. Rich areas of future research involve continued investigation of appraisal
variables, new methods to identify MID or CMID values, ways to determine the responsiveness
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of PRO measures, methods incorporating ancillary data to improve estimates in the presence of
non-ignorable missing data, and ways to reduce missing data.
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