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Abstract

Objective Response shift methods have developed sub-
stantially in the past decade, with a notable emphasis on
model-based methods for response shift detection that are
appropriate for the analysis of existing data sets. These
secondary data analyses have yielded useful insights and
motivated the continued growth of response shift methods.
However, there are also challenges inherent to the suc-
cessful use of secondary analysis for response shift detec-
tion. Based on our experience with a number of secondary
analyses, we propose guidelines for the optimal imple-
mentation of secondary analysis for detecting response
shift.

Methods We review the definition of response shift and
recent advances in response shift theory. We describe
current statistical methods that have been developed for or
applied to response shift detection. We then discuss lessons
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learned when using these methods to test specific hypoth-
eses about response shift in existing data and of the features
of a data set that could guide early decision-making about
undertaking a secondary analysis.

Results A checklist is provided that includes guidelines
for secondary analyses focusing on: (1) selecting an
appropriate data set to investigate response shift; (2) pre-
requisites of data sets and their preparation for analysis; (3)
managing missing data; (4) confirming that the data fit the
requirements and assumptions of the selected response shift
detection technique; (5) model fit evaluation; (6) inter-
preting results/response shift effect sizes; and (7) compar-
ing findings across methods.

Conclusions The guidelines-checklist has the potential to
stimulate rigorous and replicable research using existing
data sets and to assist investigators in assessing the
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appropriateness and potential of a data set and model-based
methods for response shift research.

Keywords Response shift - Analytic - Methods -
Guidelines
Introduction

It is increasingly acknowledged that the process of
adaptation affects the measurement of evaluative out-
comes. In the field of health-related quality of life
(QOL), these ‘response shifts’ are thought to be trig-
gered by health state changes (catalyst) and result in
changes in internal standards (recalibration), values
(reprioritization), or meaning (reconceptualization) of
the construct being measured [1, 2]. The past decade has
witnessed an increasing number of empirical papers on
response shift in the context of QOL research. With this
expansion, the field of health-related QOL and patient-
reported outcomes research has benefited from insights
into how individuals experience change in health over
time. Response shift has been studied and recognized in
patients with multiple sclerosis [3], cancer [4-7], stroke
[8, 9], diabetes [10, 11], dental disorders [12] and in the
fields of geriatric medicine [13-15], palliative care
[16-19], and orthopedics [20, 21]. Response shift effects
have been documented to range from small to medium in
size [22]. Even when effect sizes are small, however, the
impact of adjusting for response shifts has been to
increase intervention effect sizes from small to moderate
[23], rendering them clinically significant [24].

Background on response shift
Definition

The term ‘response shift’ was coined by Howard and col-
leagues and originates from research on educational train-
ing interventions [25]. They defined response shift in terms
of changes in internal standards of measurement. Parallel in
time but independently, Golembiewski et al. [26] for-
warded a change typology originating from management
sciences. They distinguished observable change (alpha
change) from changes in internal standards (beta change)
and meaning (gamma change) [26]. Changes in values
were inherent to Golembiewski’s description of reconcep-
tualization, but were not explicitly seen as a separate
component. These concepts led to the working definition
proposed by Sprangers and Schwartz [27]:

Response shift refers to a change in the meaning of
one’s self-evaluation of a target construct as a result
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of a) a change in the respondent’s internal standards of
measurement (scale recalibration); b) a change in the
respondent’s values (reprioritization); or c) a redefi-
nition of the target construct (reconceptualization).

Reprioritization is thus an added explicit component of this
definition. This is particularly relevant to the field of
health-related QOL, where many of the measurement
instruments are multidimensional. Reprioritization relates
to a change in the relative importance of different health-
related QOL dimensions.

Theoretical model

This working definition was integrated into a theoretical
model that relates health changes to one’s self-evaluation
of health or QOL [27]. In this model, changes in health
status (catalysts) may induce response shift via mecha-
nisms to accommodate this change. Mechanisms refer to
cognitive, affective, and behavioral strategies to deal with
the catalyst, such as engaging in a special type of social
comparison or seeking social support. The kinds of
mechanisms individuals may use depend not only on the
specific health change catalyst, but also on stable charac-
teristics of the person, the so-called antecedents, such as
gender and personality traits. Antecedents would work
directly to increase or decrease the likelihood or strength of
catalysts and/or mechanisms. Rather than being measured
directly, response shift is inferred when changes in
appraisal explain discrepant (e.g., residual) changes in
QOL scores that cannot be explained by the ‘standard QOL
model” [28] (see Fig. 1). For more information on the
theoretical models and discourse on response shift, see
[27-30]. Response shift is thus conceptualized as an effect
rather than as a construct one measures directly. This
distinction has implications for how researchers would
operationalize it and report their findings, for example,
response shift is not ‘adaptation’, but rather an effect of
adaptation.

Response shift methods

A number of methods for measuring response shift have
been developed and studied in the past decade. These
methods range from approaches that require alternative
data collection methods [28, 31-33] to statistical methods
that can be applied to both primary and secondary data sets.
A growing evidence base supports the convergence but also
divergence among response shift detection methods
[34-36]. Current statistical methods represent notable
improvements from the factor analytic approaches first
utilized in the education- and management-research con-
texts of the early days of response shift research [26, 37].
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Fig. 1 Theoretical model of
response shift and quality of
life. Adapted from Sprangers
and Schwartz [1] (with
permission from Elsevier) and
Rapkin and Schwartz [28]
models of appraisal and quality
of life
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Capitalizing on the recent advances in computational sci-
ence, there are a number of accessible and sophisticated
methods that can be used to assess response shift without
requiring additional data collection. For example, clinical
trial or patient registry data can now be used or made
amenable for response shift research. Sometimes secondary
analysis may also be useful in response shift studies when a
new method allows a different way of analyzing the data,
for example to assess another aspect of response shift.
Table 1 summarizes the group- and individual-based ana-
lytical approaches that are currently available for response
shift detection. We briefly describe each of these methods
below and reference primary sources for the interested
reader.

Data mining

Recent advances in computational science have led to a
host of methods aimed at discovering patterns in large data

sets. One such method, Recursive Partitioning and
Regression Tree method [38], uses a non-parametric sta-
tistical index to iteratively separate respondents into
increasingly homogeneous subgroups. It has been applied
in response shift research [33, 39], as well as numerous
other problems of classifications [40—43]. This method can
result in multiple pathways leading to a similar QOL
response shift pattern and to finding that the same variable
plays a different role in different contexts. The Recursive
Partitioning Regression Tree produces a set of logical if—
then conditions for predicting the group memberships of a
study sample. The method has been applied to response
shift research in the context of having QOL Appraisal
Profile data [33] or not having data on appraisal and
inferring differences in appraisal [44, 45]. The method
seeks to maximize explained variance in identifying
homogeneous subgroups of patients. Response shift may be
defined in this approach to be a change score in physical
functioning or disability that is accompanied by stability of

Table 1 Response shift detection methods useful for secondary data analysis

Method Focus of  Aspect(s) of response shift in focus No. time points
analysis — — — required
Recalibration  Reprioritization =~ Reconceptualization
Data mining
Recursive partitioning and regression tree modeling  Individual ./ J N 2
Regression-based methods
Relative importance analysis Group \/ 2
Latent variable models
Structural equation modeling Group \/ N \/ 2
Latent class growth curve models Group \/ J N 3+
Latent variable mixture models Group \/ \/ \/ 2
Latent trajectory of residuals Individual \/ N
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mental health functioning [33]. Because this method seeks
to maximize explained variance, the results of an analysis
may be sample-specific and have limited external validity.
It is thus necessary to implement the analysis on two
independent samples—‘test’ and ‘validate’ samples—to
confirm the robustness of the findings.

Regression-based methods

Response shift methods have also been developed based on
changes in the relative importance of domains of a vali-
dated patient-reported outcomes measure using logistic
regression and discriminant analysis models. Lix and col-
leagues applied the Relative Importance Analysis method
to detect reprioritization response shift in longitudinal data.
The method utilizes the relative importance weights and
ranks derived from measures of relative importance based
on logistic regression and discriminant analysis to quantify
the importance of each domain at each occasion [46, 84]. In
logistic regression model, the group-membership variable
that divides the study sample into two known groups
related to health state change (i.e., catalyst for response
shift) is the dependent variable, while independent vari-
ables are the domain or subscale scores. In contrast, the
domains are the dependent variables in discriminant anal-
ysis model, while group-membership variable is the inde-
pendent variable. Reprioritization response shift is
considered present in a domain if the change over time in
signed values of the relative importance weights or ranks
on the domain is statistically significant at some prespeci-
fied o level [46].

Latent variable models

Structural Equation Modeling (SEM) combines factor
analysis and regression analysis [23, 47-56]. By analyzing
covariances and means matrices, it is possible to first test
the assumption of measurement invariance and subse-
quently test substantive hypotheses. This method involves
iterative model-testing that systematically loosens model
constraints over time to identify how and where the mea-
surement model varies over time [23, 48]. Different
parameters in the measurement model (i.e., factor struc-
ture) are indicative of different aspects of response shift.
This approach extended earlier work done by Schmidt [49]
and yielded more sensitive algorithms for detecting
response shifts. The SEM approach can also be used to
examine explanatory and biasing variables associated with
response shift [50]. To date, the Oort SEM method has
been applied to cancer [23], stroke [51, 52], musculoskel-
etal diseases [53], chronic obstructive pulmonary disease
[54], multiple sclerosis [55], and primary care samples
[56]. See Oort [48] for details. This method is sensitive to
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response shifts only when experienced by a majority of the
sample [54, 57]. Since preliminary estimates of the prev-
alence of response shift suggest that about one-half to one-
third of respondents exhibit response shifts that are
detectable by these methods [21, 58], one would have to
over-sample people prone to response shifts to be able to
detect such change using SEM. Over-sampling will be
feasible when we are better able to predict who experiences
response shifts.

Other response shift detection methods that are out-
growths of regression and SEM modeling include latent
class growth curve models [59], latent variable mixture
models [60, 61], and latent trajectory of residuals models
[58]. Growth curve analysis is looking at a group-level
change in latent constructs over time. Latent class models
separate a growth model into different latent subgroups in
the population. Latent variable mixture models are an
extension of the SEM approach that allows for the exam-
ination of measurement invariance over time for different
latent subgroups in the population. Latent trajectory of
residuals separates subjects based on the differences
between observed and expected scores, as derived from
mixed effects regression modeling [58, 62]. It is notewor-
thy that, except for the latent variable mixture models, the
above approaches require longitudinal data with more than
two time points. In addition, like other complex latent
variable methods, these approaches require a substantial
sample size.

A general caveat Regardless of the response shift detec-
tion approach, the investigator is strongly advised to adhere
to the following guiding principles: always base the
response shift analysis on theory-driven hypothesis testing
(e.g., by using a comparison/control group); have clearly
stated hypotheses about when the response shift will occur
(catalyst and change); use a combination of approaches to
provide information about convergence among methods;
and include an objective clinical criterion measure so that it
is possible to distinguish between expected and observed
change in QOL over time.

Lessons learned: guidelines for secondary analysis

Secondary data analyses related to response shift research
are generally initiated because specific hypotheses are
generated by theory or previous empirical work. Utilizing
existing data is a cost-effective way to test such hypothe-
ses. This practice is growing in prevalence not only
because research funding is increasingly difficult to pro-
cure, but also because recent innovations in quantitative
methods require large samples that would be cost-prohib-
itive to collect from scratch. There are, however, caveats
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and challenges to such a path. We encountered such
caveats and learned some important lessons that we believe
will be useful to other investigators. We will describe these
lessons and provide a brief checklist with recommenda-
tions to facilitate and stimulate future secondary analyses
for response shift research. These recommendations are
provided in the order in which a researcher will likely need
them. It should be noted that some of the issues raised
below are also relevant to response shift detection in the
context of primary data collection.

Lesson #1: Selecting an appropriate data set
to investigate response shift

There are several prerequisites to making it interesting or
worthwhile to check for response shift. First, there must be
changes relevant to the outcome of interest (i.e., catalyst).
In the case of health-related QOL outcomes, the catalyst
would be a health state change (e.g., onset of stroke or
malignancy); or initiation of treatment for a disorder (e.g.,
surgical, psychosocial, or pharmaceutical interventions).
Even caring for someone with an illness could be a pow-
erful catalyst. Other catalysts could involve novel parts of
the assessment procedure (test of exercise capacity, asking
novel questions about mood or memory). The mere passage
of time might not be. For psychological well-being out-
comes, the catalyst might be a psychosocial or rehabilita-
tion intervention. Importantly, these catalysts should be
salient and induce changes that are of such magnitude and
duration that most patients are required to adapt to this new
state.

With secondary data, the ability of the researcher to
investigate response shift is dependent on the first mea-
surement occurring before or very closely following the
catalyst and having at least one other measurement that
occurs sufficiently far after the catalyst for response shift
effects to be observed. The relevant observation period will
depend on the nature of the catalyst and of the disease/
condition in question. There are clinical research standards
within clinical populations that could be used as a reference
point for response shift analyses. For example, in multiple
sclerosis research, a follow-up period of 3 years is rec-
ommended to detect clinically important change in imaging
outcomes [63, 64]; in spine surgery, the recommended
follow-up for lasting and important clinical change is
2 years [65]. Research done by members of our group has
documented that more acute catalysts, such as surgery,
have shorter-term response shift effects [66], which is the
first documentation to our knowledge of the transience of
response shift effects for acute catalysts. Such information
would be useful for planning future response shift studies.

Nonetheless, there are two important caveats. First, it is
possible that some people have been exposed to a catalyst

whereas others have not. A straightforward response shift
analysis assumes that the catalyst is applicable to all people
in the sample. If possible, it would be advisable to check
this assumption, perhaps using multi-group or multi-level
methods to isolate people who have not been exposed to, or
who have not responded to, a specified catalyst. Second,
changes in health status may have occurred before an
investigator has acquired some baseline measure, so that
more realistically identifiable catalytic events will be lim-
ited to post-illness onset. This will limit the types of data an
investigator may examine; (e.g., the onset of chemother-
apy, surgery, and other such interventions.).

A second prerequisite is that studies need to have suf-
ficient follow-up and multiple time points to capture
changes in internal standards, values, and conceptualiza-
tion. For some methods, such as growth curves or latent
trajectory analysis [67], having a sufficient number of time
points (i.e., four [58]) is an important consideration to
identify changes that differ from what is predicted. For
others, where only two time points are required and/or
needed (e.g., structural equation modeling [48, 68]), the
window between time points is an important consideration.
While these prerequisites seem straightforward, in practice,
it is less easy to know if or when such a catalytic event took
place. What we do know is that the mere passage of time or
minor changes in patient-reported outcomes without sup-
porting evidence from clinical indicators may not yield
clinically relevant or important changes in outcome,
let alone large enough for response shift effects to be
detectable with group-level methods (e.g., structural
equation modeling [48, 68]). In such cases, we would not
advise embarking on a secondary analysis.

Third, response shift only affects and is detectable by
evaluative measures [28, 29]. Such measures explicitly
seek input on subjective, internal experiences. There is no
‘right’ answer. Secondary analyses will be more impactful
if specific hypotheses are formulated at the outset regarding
the direction of and domains in which response shift will
occur. Such hypotheses are also important for subjective
decisions during the process of data analysis.

Finally, the outcome must be relevant for response shift
detection. Indices composed of multiple items may have
response shift differentially at the item level masking total
score effects. Global indicators may be highly susceptible
to response shift, but may lack face validity. They also may
not have a normal distribution, which may invalidate the
use of methods that assume a normal distribution of
responses. Other models may need to be considered. For
example, a continuous scale may be optimal for some
analyses but only a categorical scale may be available.
Other analysis may require a grouping variable for dis-
crimination purposes, and the distribution of this variable
may not be conducive for this purpose (e.g., too few
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subjects in one group). At the very least, knowing that the
outcome is a continuous composite index, continuous sin-
gle item, or ordinal single item would be crucial to evaluate
the relevance of the data set.

Lesson #2: Prerequisites of data sets and preparation
thereof

We highlight two distinct types of responsibilities on which
good secondary data analysis relies. First, it relies on the
primary researcher clearly documenting the data set,
leaving a useful and complete trail on which the secondary
analyst can build. Second, it relies on the secondary analyst
being as knowledgeable as possible about the data set and
fully documenting his/her analyses.

Data set documentation

Particularly for secondary analysis, it is key to have clear
documentation about the data set. Specifically, the code-
book should include names of variables, the full text of the
items, the response options and how they are coded, and
how missing data are coded. It is critical to have clear
documentation of the instrument version and scoring
algorithms. Whereas these caveats sound self-evident, we
have had several experiences where such basic information
was lacking and led to problems in model estimation. For
example, a structural equation model would not converge
(i.e., it was not possible to estimate the model parameters),
and we learned that it was due to what looked like missing
data but was actually due to using a scoring algorithm for
the wrong version of the questionnaire; the codebook had
not specified the version used. It is crucial to have docu-
mentation about the values or cut-points that are considered
meaningful both on the outcome variable and on the
potential predictors. For example, if binary indicator vari-
ables will facilitate interpretation of data, the cut-points for
the different levels need to be determined prior to begin-
ning the analysis (rather than being based on data snoop-
ing) and consistent across analyses.

Data screening

This critical step in data analysis includes the inspection of
univariate descriptive statistics, such as invalid or
implausible values, means and standard deviations (Are
they plausible?), and checking for outliers. It is also
important to examine the score distribution (Is it normal?
Skewed?) The next step is to deal with non-normal vari-
ables, either by conducting linear transformations or by
choosing statistical techniques that are robust to deviations
from normality. These issues are important to consider
before beginning inferential data analysis, because the
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subjective decisions on how to handle these issues can
affect the choice of response shift detection method or even
its outcome. See Tabachnick and Fidell [69] for more
detail.

Lesson #3: Managing missing data

Missing data can result in imprecision or bias in estimates
of change over time due to loss of data or a non-random
pattern of missingness (i.e., data are missing not at random
[MNAR]). Both the quantity and pattern of missing data
are important considerations in choosing a response shift
method and should be assessed through descriptive analy-
ses and/or inferential techniques [70-72]. For example,
analyses that compare participants with complete data to
participants with missing data on baseline demographic
characteristics, covariates, or patient-reported outcomes
may facilitate decision-making. Several statistical approa-
ches have been suggested for handling missing data in
secondary longitudinal data [70] when it is plausible to
assume that the pattern of missingness is ignorable. These
approaches include expectation—maximization, full-infor-
mation maximum likelihood imputation, and multiple
imputation methods. If the pattern of missingness is not
ignorable, then more sophisticated model-based methods
may be appropriate, although they are more challenging to
implement in conjunction with response shift methods;
some examples include pattern mixture and selection
models [73]. We recommend that more than one method to
address missing data be considered as part of a sensitivity
analysis, to assess whether they result in consistent con-
clusions about response shift [74]. If not, it may be
advisable to report these differences in results, to alert the
reader to the potential effects of missing data.

Lesson #4: Confirming that the data fit the requirements
of the selected response shift technique

The data set must include a sufficient number of respondents
to support the advanced multivariate methods that can detect
response shift. These sample size requirements depend on a
number of parameters (e.g., size of the model, size of the
factor loadings, strength of the relationship of the items, data
distribution, and parameter estimation procedure), but as a
rule of thumb should include 200-300 cases for relatively
small structural equation models [75-78] to a minimum of
500 for classification and regression trees [38]. When
complex modeling strategies are employed, it is recom-
mended to conduct a simulation study to assess statistical
power to detect response shift effects [79]. Desired subgroup
analyses to perform internal validation [80], to compare
respondents with different response shift trajectories [81], or
to assess the impact of antecedents (e.g., disease severity)



Qual Life Res (2013) 22:2663-2673

2669

would lead to an even larger minimum sample size
requirement.

Another important step involves checking the statistical
assumptions of the method that is being used for response
shift detection [69]. Failure to satisfy assumptions could
result in invalid conclusions about response shift.

Lesson #5: Model fit evaluation

Many response shift analyses entail a number of both small
and large subjective decisions in model selection and val-
idation throughout the analysis (e.g., model specification,
sequential freeing, or constraining of model parameters).
Generally speaking, subjective decisions are a necessary
part of any statistical analysis and should be based on both
substantive and statistical arguments. For example, when
applying the Oort structural equation modeling method for
response shift detection [48], it is recommended to docu-
ment the theoretical and statistical reasons for specific
analytic decisions [56]. Further, internal cross-validation or
external validation of the model can help to ensure that the
conclusions about response shift are not an artifact of the
data [80]. Replicating such analyses would be facilitated if
these details as well as specific statistical analysis codes
were provided as transparently as possible, for example in
online supplements.

Related to the issue of subjective decisions, there is a risk
in secondary analyses of producing false positives—a
response shift is observed but is a statistical artifact. This can
occur because of the selective use of the data (e.g., selecting
specific groups to study but not others) or multiple tests of
significance without control of the overall (i.e., family-wise)
error rate. External validation of the finding of a response
shift effect(s) is recommended to avoid the potential for the
literature to be filled with non-replicable results.

Lesson #6: Interpreting results/response shift effect
sizes

To provide an indication of the magnitude of detected
response shift effects, effect sizes would need to be
reported. For some methods, calculating effect sizes is
relatively straightforward (e.g., structural equation model-
ing [23, 48, 54, 55], growth curve analysis [82], latent
trajectory analysis [58, 83]), whereas for others, it needs to
be developed (e.g., recursive partitioning and regression
trees [33, 39]). This reporting would also facilitate meta-
analyses across studies and methods.

The effect sizes should correspond to the analytical
objectives of the project, and different effect size statistics
could be used to describe different forms of response shift.
For example, if the objective is to evaluate measurement
bias, then an effect size that compares the results of models

that accommodate and ignore response shift is appropriate
[48]. In contrast, if the objective is to evaluate change in
values (reprioritization) or meaning (reconceptualization),
then effect sizes such as relative importance measures (e.g.,
the Pratt index) may be more appropriate [46, 84]. This
reporting would also facilitate meta-analyses across studies
and methods.

Lesson #7: Comparing findings across methods

If the data set is deemed useful for comparing findings across
different response shift detection methods, the investigator
needs to recognize that this comparison is not straightfor-
ward. It is hindered by the fact that the different methods
measure different aspects of response shift (i.e., recalibration,
reprioritization, and reconceptualization), test different
hypotheses about response shift, and may also use different
subsets of the data [36]. These inter-method differences lead
to variations in the methods’ unit of analysis (i.e., group
versus individual) as well as their ability to deal with data
structure deficits (e.g., missing data, low prevalence of
response shift, inability to use more than two time points)
[36]. Despite these hindrances, the advantages of comparing
different methods on the same data set are numerous and are
worth the effort. At the very least, they may provide some
assurance that the results are not completely model-depen-
dent (if different methods produce similar results).

Another related issue to comparing findings both across
and within methods is heterogeneity in response shift
effects in study populations. That is, response shift may not
affect all sub-populations equally. Further, response shifts
can have different effects on the measurement of outcome
(e.g., ‘positive’ and ‘negative’ response shift subgroups
[81]). In group-level analysis, these different effects can
‘cancel’ each other out. This heterogeneity may mask the
detection of response shift [67].

Discussion

It is our intention that this brief discussion will help future
researchers in their usage of secondary analyses to provide
better insight when investigating response shift phenomena in
various settings, populations, and practices. These guidelines
will not only improve the quality of future research, but will
also likely work to improve our understanding of the preva-
lence of response shift. Table 2 provides a brief checklist
based on the above lessons learned (Table 2).

How to use this checklist

Generally speaking, one would like to be able to check off
all of the boxes in the checklist prior to engaging in a
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Table 2 Checklist for secondary data analysis to detect response shift

Lesson #1: Selecting an appropriate dataset to investigate response shift

[J Is the catalyst salient enough to induce response shift?

[0 Is the first assessment administered prior to occurrence of catalyst?

[0 Is the observation period of sufficient length to reveal response shift?

[ Is there a subgroup who has not been exposed to or has not responded to the catalyst?

[ Is there a sufficient number of time points for the intended analytical technique?

[ Are the outcomes evaluative in nature?

[J Can you formulate hypotheses regarding direction of and domains in which response shift will occur?

[0 Does the data set contain the types of variables required for the desired analysis (e.g., grouping variable, continuous index, original items,
etc.).

Lesson #2: Prerequisites of data sets and preparation thereof
Responsibility of primary researcher: Does the initial codebook include:
[J Names of variables?
[0 The full text of the items?
[0 The response options and how they are coded?
[0 How are missing data coded?
O Instrument(s) version and scoring algorithms are specified?

[ Does the data set have documentation about the values or cut-points that are considered meaningful both on the outcome variable and on
the potential predictors?

Responsibility of secondary researcher: Have you implemented standard data screening steps?

[J Have you inspected univariate descriptive statistics for accuracy of input (e.g., out-of-range values, plausible means and standard
deviations, univariate outliers)?

[0 Have you checked pairwise plots for nonlinearity and heteroscedasticity?
[0 Have you identified and dealt with non-normal variables and univariate outliers?
a. Check skewness and kurtosis, probability plots
b. Transform variables (if desirable)
Lesson #3: Managing missing data
[0 Are there missing data?
[0 What proportion of the dataset is missing?
What are the reasons for missing data: are they ignorable or non-ignorable?
[0 Can you determine the pattern or mechanism of missing data from this dataset?
[0 Do you use missing data methods (imputation techniques) consistent with pattern and reasons of missingness?
[0 Have you performed a sensitivity analysis to evaluate and compare the results of different missing data methods?
Lesson #4: Confirming that the data fit the requirements of the response shift detection technique
[ Is the sample size sufficiently large for the planned analytic method?
[0 Have you checked the data regarding assumptions of the selected method?
Lesson #5: Model fit evaluation
[0 Do you provide an online supplement with the following details:

[J Subjective decisions made (e.g., model specifications decision about sequential freeing or constraining of model parameters in structural
equation model? Pruning thresholds in recursive partitioning and regression tree? Minimal important difference for characterizing patient
groups in latent trajectory analysis?

[ Does internal cross-validation of model fit lead to consistent results across subgroups?
[ Software code for programming response shift detection analyses?

Lesson #6: Interpreting results/response shift effect sizes

[0 Do you provide effect size(s) in table(s)?

[0 Have you selected effect sizes consistent with the analytical objective?

Lesson #7: Comparing findings across methods

[0 Can you compare different response shift methods in the same dataset?

[0 Do you mention caveats in comparing findings across methods (e.g., does response shift affect subgroups differently in magnitude and
direction)?
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secondary analysis for response shift research. Given ‘real-
world’ limitations, however, it might be worthwhile to
utilize the checklist as a proxy for a ‘quality score’, similar
to what is used in meta-analyses [22]. The summary score
reflects the caliber of the data set to yield meaningful and
interpretive response shift findings. However, not all items
in the checklist will carry equal weight. For example, if a
data set does not ‘score’ well on the first lesson’s dimen-
sion (i.e., appropriateness to detect a response shift), then it
is not advisable to proceed, regardless of the ‘score’ on the
subsequent lessons’ dimensions. In contrast, failing to meet
the criteria for lessons 2—7 weakens but does not invalidate
the potential of the secondary analysis. Finally, in situa-
tions where some of the recommendations are not feasible,
the checklist can be used to identify specific limitations
when reporting on the results of a response shift analysis.

Utilizing a guidelines-checklist has the potential to
stimulate rigorous and replicable research using secondary
analysis, assist investigators in assessing the appropriate-
ness and potential of a data set, and facilitate replication of
model-based methods for use in response shift research.
More consistent standards for implementing and reporting
methods and findings will eventually yield a better under-
standing of the prevalence of response shift.
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