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Abstract
Background  Response shift (RS) has been defined as a change in the meaning of an individual’s self-evaluation of his/her 
health status and quality of life. Several statistical model- and design-based methods have been developed to test for RS in 
longitudinal data. We reviewed the uptake of these methods in patient-reported outcomes (PRO) literature.
Methods  CINHAHL, EMBASE, Medline, ProQuest, PsycINFO, and Web of Science were searched to identify English-
language articles about RS published until 2016. Data on year and country of publication, PRO measure adopted, RS detec-
tion method, type of RS detected, and testing of underlying model assumptions were extracted from the included articles.
Results  Of the 1032 articles identified, 101 (9.8%) articles were included in the study. While 54.5 of the articles reported on 
the Then-test, 30.7% of the articles reported on Oort’s or Schmitt’s structural equation modeling (SEM) procedure. Newer 
RS detection methods, such as relative importance analysis and random forest regression, have been used less frequently. 
Less than 25% reported on testing the assumptions underlying the adopted RS detection method(s).
Conclusions  Despite rapid methodological advancements in RS research, this review highlights the need for further research 
about RS detection methods for complex longitudinal data and standardized reporting guidelines.

Keywords  Response shift · Systematic review · Patient-reported outcomes

Introduction

Patient-reported outcome (PRO) measures are increasingly 
used in clinical trials, population-based surveys, and cohort 
studies to understand the impact of disease burden and treat-
ment on the disease course [1–3]. While the assessment of 
longitudinal change in PROs rests on the assumption that 
respondents’ interpretations of a construct remain constant 
over time, this may not always be the case. Studies have 
shown that the meaning of patients’ self-evaluations of their 
health status and quality of life may not be the same across 
different points in time, a phenomenon known as response 
shift (RS).

Although the concept of RS originated in management 
sciences [4, 5], Breetvelt and van Dam [6] are among the 
first researchers to discuss RS in health-related research. 
They attempted to explain the “paradox” they observed in 
health-related quality of life (HRQOL) assessment in can-
cer patients where studies have suggested no differences 
in HRQOL of cancer patients and healthy controls despite 
cancer patients’ frequent reporting of high level of physi-
cal and/or psychological complaints. They concluded that 
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patient-reported HRQOL and psychological distress should 
be carefully interpreted. Sprangers and Schwartz [7] later 
proposed that the concept of RS could be used to explain 
some of the seemingly paradoxical or counterintuitive find-
ings in the assessment of HRQOL in patients with termi-
nal illnesses. Building on Golembievski’s [4] topology of 
longitudinal change in management science research, they 
defined RS in the context of health research as “a change in 
the meaning of one’s evaluation of a construct as a result 
of a change in one’s internal standards of measurement 
(recalibration), a change in one’s values (reprioritization), 
or a change in one’s definition of the construct (reconceptu-
alization)” [7]. Sprangers and Schwartz further describe a 
theoretical model where RS occurs in response to a catalyst, 
which might be a significant health event such as a diagno-
sis, treatment, or surgical procedure.

There have been significant theoretical and methodo-
logical advances since the initial theoretical model of RS 
in HRQOL research [8–11]. Of note, is the advancement in 
our theoretical understanding of adaptation and appraisal 
processes associated with RS. Rapkin and Schwartz [11] 
showed that RS involves a change in processes by which 
individuals interpret and respond to questions about their 
health status or quality of life. This has further broadened 
our knowledge of RS processes and its consequences on 
PRO measurement [10–13]. A commonly reported con-
sequence of RS is over-estimation or under-estimation of 
longitudinal change in PRO scores, which conventional sta-
tistical analyses may not reveal in longitudinal PRO studies. 
RS can also be viewed as an operationalization of psycho-
logical adaptation to chronic diseases over time [11–13]. 
In other words, RS can be regarded as a desirable change 
in values and experiences, triggered by a significant health 
event that consequently influences the appraisal processes 
that drive an individual’s response and interpretation of 
questions about their health and well-being. For example, 
in a study of 53 patients treated for full-thickness cartilage 
defects [14], patients thought they felt worse before surgery 
in retrospect than they did at the time (recalibration RS). 
Similarly, Sajobi, Fiest, and Wiebe [15] investigated repri-
oritization RS in patient-reported HRQOL in a randomized 
controlled trial investigating the effects of surgical treatment 
in patients with temporal epilepsy. They found that patients 
who received surgical treatment were likely to de-emphasize 
being free of seizures while placing increased emphasis on 
social functioning aspects of their HRQOL 1 year after sur-
gery, which is a clinically desired treatment goal for persons 
with epilepsy.

In addition to theoretical advancements, there have been 
developments in statistical methods to detect and adjust 
for RS in longitudinal data [13, 16]. Early research about 
RS detection primarily relied on design-based approaches, 
such as the Then-test method [17]. However, this method 

is sensitive to recall bias and cannot be used in secondary 
analyses of longitudinal data. Statistical approaches that 
involve exclusive reliance on modeling methods have been 
developed to test a priori RS hypotheses in secondary analy-
ses of longitudinal data. These include Schmidt’s structural 
equation model (SEM) method [18], Oort’s four-step (SEM) 
method [19, 20], item response theory (IRT) models/meth-
ods [21, 22], mixed-effects regression models [23], latent 
trajectory analysis of residuals method [24], relative impor-
tance analysis method [25], classification and regression tree 
(CART) models [26], and random forest regression models 
[27] (see Table 1 for a summary of these methods). Schmitt’s 
technique [18], which uses covariance structure analysis 
with SEM, operationalizes RS as change in SEM parameters 
between two measurement occasions using Golembiewski 
[4]’s typology of change. Thus, this methodology can only 
detect reconceptualization and uniform recalibration RS. 
Oort [19] later proposed a 4-step approach for sequen-
tially testing different forms of RS by comparing models in 
which the different measurement model parameters are con-
strained to be equal over time. Although Oort’s SEM based 
on maximum likelihood estimation is commonly applied to 
detect RS using domain-level data, this methodology has 
been extended to detect RS in ordinal item-level data using 
robust maximum likelihood [28] and diagonally weighted 
least squares estimation approaches [29, 30]. One advantage 
of the Oort’s procedure is its versatility in detecting all three 
forms of RS. More recently, IRT models, which also use 
changes in measurement parameters as an operationaliza-
tion of RS, have been proposed to detect recalibration and 
reprioritization RS at the item level. Anota [21] proposed a 
Linear Logistic with Relaxed Assumptions (LLRA) model 
to detect recalibration RS in retrospective assessment data. 
More recently, RespOnse Shift ALgorithm in Item response 
theory (ROSALI), which uses longitudinal partial credit and 
graded partial credit IRT as measurement models, was pro-
posed to test for recalibration and reprioritization RS [22]. 
ROSALI relies on an operationalization of non-uniform 
and uniform recalibration, and reprioritization as change(s) 
in the values of discrimination parameters in polytomous 
IRT models. However, ROSALI is currently limited to uni-
dimensional IRT models and can therefore not be used to 
detect reconceptualization RS. Although the SEM and IRT 
approaches for identifying RS are different, both methods 
operationalize RS based on tests of changes in latent vari-
able measurement model parameters and can also be used 
to detect RS at the item level.

In addition to the above latent variable models for RS 
detection, trajectory analysis approaches based on mixed-
effects regression models have been developed to test for RS 
by modeling of longitudinal change in PROs while account-
ing for within-subject variation via random effects [23, 24]. 
However, these regression-based methods are sensitive to 
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model misspecification, especially when data are not col-
lected on important explanatory variables. Another approach 
involves the use of relative importance analysis methods 
[25], including discriminant analysis and/or logistic regres-
sion, to estimate the relative importance of HRQOL domains 
with respect to their ability to discriminate between group 
memberships (e.g., active versus inactive disease) at each 
measurement occasion. Reprioritization RS is operational-
ized as change in the relative importance of the HRQOL 
domains over time. CART relies on a non-parametric recur-
sive partitioning of the data into increasing homogenous 
subgroups using relevant explanatory variables [26]. The 
occurrence of each form of RS can be hypothesized by 
detecting differences in the way the explanatory variables 
account for differences in HRQOL scores within subgroups. 
Random forest regression, a variant of the CART method, 
was developed to test for reprioritization RS over multiple 
occasions [27]. Other qualitative methods for RS detection 
have been proposed in the literature [31–33], but their dis-
cussion is beyond the scope of this article.

Statistical RS detection methods may not always result 
in the same conclusions about the presence of RS in a set 
of data, and may not be equally sensitive to detect different 
types of RS effects. This may be due, in part, to the dif-
ferent operational definitions of RS that underlie the meth-
ods and the fact that they are not equally sensitive to detect 
[different types of] RS effects under different data analytic 
conditions. In addition, the different methods do not all rely 
on the same derivational assumptions. For example, latent 
variable methods focus on the detection of RS in terms of a 
change in measurement model parameters, whereas several 
of the regression-based and relative importance methods 
focus on manifestations of RS in terms of group differences. 
The non-parametric methods focus on describing RS with-
out testing the statistical significance of observed changes. 
While a number of studies have attempted to demonstrate 
the convergent validity of two or more RS detection methods 
using empirical datasets, the findings from these studies have 
been conflicting [30, 34–37]. For example, Ahmed et al. [34] 
compared the SEM and Then-test methods for testing for RS 
in stroke patients and concluded that these methods result in 
different conclusions about the presence of RS. In contrast, 
Visser, Oort, and Sprangers [35] confirmed the convergent 
validity of then Then-test and SEM in detecting RS in can-
cer patients. Lix and colleagues [25, 36, 37] also investi-
gated the presence of RS in health-related quality of life of 
a population-based cohort of individuals with inflammatory 
bowel disease using relative importance analysis, SEM, and 
random effects regression. While all the methods confirmed 
the presence of RS, the type and magnitude of RS effects 
detected varied depending on which method was used.

Despite the availability of a range of statistical-
based methods for RS detection, there has been limited Ta
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investigation regarding the uptake of these methods [38]. 
Schwartz, Bode, Repucci, Becker, Sprangers, and Fayers 
[12] conduct a meta-analysis of 26 articles on response shift 
studies focusing specifically on the magnitude and clinical 
significance of RS and showed that RS effects are typically 
small. This review focused on studies that adopted SEM and/
or Then-test methods and did not report on other statistical 
methods. We addressed this limitation by conducting a scop-
ing review to describe the uptake of statistical methods for 
RS in longitudinal studies of PROs.

Methods

Data sources and search strategy

With the help of a health information scientist/librarian, 
we searched seven library databases (Biomed, CINAHL, 
EMBASE, Medline, ProQuest, PsycINFO, and Web of Sci-
ence) for the use of the term “response shift,” “response shift 
effects,” “longitudinal measurement invariance,” or “retro-
spective bias” as keywords in the title, abstract, or meta-data 
of the article. The searches were limited to documents writ-
ten in English and published or accepted for publication on 
or before December 31, 2016.

Article selection

Relevant articles were those that (1) reported on original 
research focused on testing for RS in a health-related study, 
(2) used the Then-test or a statistical method to test for RS 
in empirical data, and (3) used a PRO measure. We excluded 
studies that had no clear definition of RS, non-systematic 
or narrative reviews, commentaries, editorials, letters, case-
control studies, case reports, and simulation studies. These 
inclusion and exclusion criteria were applied by first screen-
ing the titles and abstract and subsequently reviewing the 
full text of potentially relevant articles. The citations were 
randomly divided into 3 groups, which were each indepen-
dently reviewed by 2 of the 3 investigators (TTS, RB, RS) 
to decide whether the full-text article should be reviewed. 
A weighted kappa statistic was calculated to assess agree-
ment between the reviewers. Full-text articles were similarly 
divided to determine the final selection of articles. In cases 
where there were disagreements, the disagreements were 
resolved through discussion and consensus. See the Online 
Appendix for the list of all articles included in this review.

Synthesis of review results and quality assessment

We extracted the following information from each study 
and subsequently summarized the information across 
studies using descriptive techniques (i.e., frequencies and 

percentages). First, in order to understand differences in 
uptake of RS detection methods across regions, patient 
populations, and PRO instruments, we collected informa-
tion on the country of affiliation for the first author, patient 
population, type of PRO measure, and disease type. Sec-
ond, we evaluated current reporting practices by extracting 
information about the type of RS detection method(s), type 
of RS tested and/or detected, and reporting RS effect sizes 
detected. Third, we extracted information about the type of 
statistical assumptions evaluated for the Then-test and other 
statistical methods. Multiple tests of hypotheses are prone 
to arise when testing RS across multiple scale domains or 
instruments. We therefore specifically examined the use and 
reporting of methods to control Type I error rates in articles 
that adopted the Then-test, SEM, IRT, or relative importance 
analysis methods. Strong between-domain correlations in 
PRO instruments are likely to lead to variable multicollin-
earity, which can result in inflated standard errors of regres-
sion coefficients. We therefore also examined the adoption 
and reporting on procedures to address multicollinearity. For 
methods that assume either a univariate or multivariate nor-
mal distribution, such as conventional SEM based on maxi-
mum likelihood estimators, and relative importance analysis 
based on discriminant analysis, we examined the articles for 
evidence of descriptive of inferential analyses of distribu-
tional assumptions or robust inference methods to address 
departures from normality. We also examined the adoption 
and reporting of information about missing data (both type 
and patterns) and methods to accommodate missing data.

Results

Descriptive characteristics of included articles

A total of 1032 articles were initially identified, while 101 
(9.8%) articles satisfied our inclusion criteria and were 
included in this review (Fig. 1). The three reviewers had 
a high rate of agreement in the screening of articles; the 
estimated weighted kappa was 96.0%. Figure 2 describes the 
frequency distribution of the number of articles that adopted 
design-based and statistical methods by year of publication. 
An overall increasing trend in the number of publications 
over the years was observed for statistical methods for RS 
detection, with 61 (60.4%) articles published between 2005 
and 2016. More importantly, between 2012 and 2016, we 
see that statistical-based RS detection methods were increas-
ingly being adopted. But the uptake of Then-test methods 
appears to be stable over time. Figure 3 describes the most 
frequent characteristics of the included articles. When we 
summarized the articles by country of the lead author, 22 
(21.8%) were published by researchers in the Netherlands, 
21 (20.8%) by researchers in Canada, and 21 (20.8%) articles 
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by researchers in the United States. Specifically, 31 articles 
(30.7%) were published in Quality of Life Research, while 
an additional 19 articles (18.8%) were published in either 
Journal of Clinical Epidemiology or Health and Quality of 
Life Outcomes. 26 articles (25.7%) investigated the detection 
of RS in cancer populations, 9 (8.9%) articles focused on RS 
in relation to orthopedic conditions, while 7 (8.0%) articles 
tested RS in stroke populations. In terms of the different 
types of PRO measures utilized, 58 (57.4%) of the articles 

reported on at least one disease-specific measure, 31 (27.1%) 
reported on different versions of the SF-36 and the SF-12 
[39], while 6 (6.3%) articles reported on the EQ-5D [40].

Uptake of RS detection methods

Tables 2 and 3 and Fig. 4 describe the RS detection meth-
ods, types of RS detected, and reporting practices for the 
Then-test and other statistical methods. Of the 101 articles 

Biomedical 
Reference Collection 

44 Citations

PsycINFO
271 Citations

CINAHL 
104 Citations

EMBASE
371 Citations

Medline
311 Citations

Proquest
Dissertations
51 Citations

1032 Non-duplicate 
Citations Screened

101 Articles 
Included

76 Articles Excluded 
After Full Text Screen

38 Articles Excluded 
During Data 
Extraction

817 Articles Excluded 
After Title/Abstract 

Screen

215 Articles 
Retrieved

Inclusion/
Exclusion 

Criteria 
Applied

Inclusion/
Exclusion 

Criteria 
Applied

Webofscience
475 Citations

Note: Searches include all articles prior to 
12/31/2016

Articles included were those which:
(1) reported on original research focusing on RS detection in 

a health-related study, 
(2) used a quantitative method to test for RS in empirical 

data, and 
(3) used a PRO measure

Fig. 1   Flow diagram illustrating selection strategy for Included Articles

Fig. 2   Uptake of design-based 
and statistics-based response 
shift methods by year of pub-
lication
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included in this review, 55 (54.5%) adopted the Then-test 
method, 26 (25.7%) articles adopted Oort’s SEM approach, 
while 5 (5.0%) articles adopted Schmitt’s SEM approach 
method. RS detection methods developed more recently 
were, as expected, less frequently used. These include rela-
tive importance analysis (4.0%), IRT (4.0%), and CART 
methods (3.0%). In addition, 6 (5.0%) of the articles used 
linear regression analysis of change scores to test for RS. 
When we focused on articles published between 2012 and 
2016 in order to understand the uptake of newly developed 
statistical methods, only 9 (20.0%) of the 45 published arti-
cles within this period, adopted any of the more recently 
developed RS detection methods.

96 articles (95.0%) reported detecting RS, while only 5 
articles (5.0%) reported the absence of RS. Amongst the 
former group, 82 articles (85.4%) reported the presence of 
recalibration RS, 20 articles (20.8%) detected reprioritiza-
tion RS, 4 articles (4.2%) detected reconceptualization RS, 
while 7 articles (7.3%) detected RS but did not report on 
the specific type of RS that was detected. When we strati-
fied the results by the type of RS detection method, 55 
articles (54.5%) adopted the Then-test method, while 57 
articles (56.4%) adopted statistical methods, and 11 articles 
(10.9%) reported RS detection using both Then-test and sta-
tistical model-based methods. While 52 articles (91.2%) of 
the 57 articles that adopted the Then-test method detected 
RS, only 39 (68.4%) of the 57 articles that adopted statis-
tical model-based methods detected RS. The majority of 
the investigated methods (e.g., Then-test, SEM, IRT, tra-
jectory analysis, CART analysis, multiple linear regression 

methods) are developed to test for recalibration response 
shift, hence the predominant detection of recalibration RS. 
Of the 20 articles that reported the detection of reprioriti-
zation RS, 12 articles (60%) adopted Oort’s SEM, while 
the remaining articles adopted relative importance analysis, 
classification and regression trees, or random forest regres-
sion (Table 3). An examination of the effect size reporting 
practices showed that, of the 57 articles that adopted a RS 
detection method that allows for calculating RS effect sizes, 
43 articles (75.4%) adopted the Then-test method, 18 arti-
cles (31.6%) adopted a SEM approach, while only 1 article 
(1.8%) applied an IRT approach.

Reporting of data characteristics and examination 
of statistical assumptions

Of the 101 articles included in the review, 15 (15.6%) arti-
cles reported on the method used to address missing data. 
The majority of these articles adopted imputation methods 
such as deterministic single imputation methods (e.g., per-
sonal mean score, overall mean score, or median imputa-
tion), probabilistic single imputation method (e.g., expec-
tation–maximization algorithm, full information maximum 
likelihood), or multiple imputation methods. While the 
remaining 86 articles did not report on the pattern of miss-
ing data or method for dealing with missing data, most of 
these articles adopted complete case analysis with case-wise 
deletion of observations with incomplete data. Only a few 
articles examined the tenability of distributional assump-
tions and the robustness of the selected statistical procedure 

Fig. 3   Most frequently occur-
ring characteristics (Country, 
Journal, Disease, and Instru-
ments adopted) of Included 
Articles. SF-Family Short-form 
family of surveys (i.e., SF-6, 
SF-12, SF-36), EQ-5D 5-dimen-
sional EuroQol Questionnaire
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Table 2   Uptake of RS detection 
methods, type of RS detected, 
and reporting of statistical 
assumptions (n = 101)

a Consists of methods such as analysis of covariance, triangulation methods, and multivariate analysis of 
variance methods
b The denominators, in brackets, are the number of articles that adopted a RS detection method that allows 
for the reporting of RS effect sizes
c The denominators, in brackets, are the numbers of articles that adopted a RS detection method that relies 
on the assumption of normality
d The denominators, in brackets, are the number of articles that adopted a RS detection method that is sensi-
tive to collinearity among the PRO domains
e The denominators, in brackets, are the numbers of articles that adopted a RS detection method that simul-
taneously test multiple RS hypotheses. See Online Appendix B for a list of criteria for selection of number 
of articles that constitute the denominators for each assumption. For reported frequencies with no parenthe-
sis, the denominator corresponds to the column total reported on the column headings

Data characteristics Total number of
articles (N = 101)

Then-test
(n = 55)

Statistical 
model-
based
methods 
(n = 57)

Response shift method
 Then-test 55 55 0
 Structural equation model (Oort) 26 0 26
 Structural equation modeling (Schmidt) 5 5
 Relative importance 4 0 4
 Classification and regression trees 3 0 3
 Random forest regression 2 0 2
 Trajectory analysis of residuals 6 6
 Mixed-effects regression 1 0 1
 Item response theory (ROSALI) 3 0 3
 Item response theory (Anota) 1 1
 Multiple linear regression 5 0 5
 Othersa 4 0 4

Response shift detected (yes) 96 52 54
 Recalibration 82 52 39
 Reprioritization 20 0 20
 Reconceptualization 4 0 4
 Unspecified 7 0 7
 No response shift detected 5 3 3

Missing data method reported (yes) 15 0 15
 No imputation method
  Available case analysis 4 0 4

 Deterministic single imputation method
  Mean median imputation 4 0 4

 Probabilistic single imputation methods
  Expectation–maximization imputation 3 0 3
  Full Information maximum likelihood 4 0 4

 Multiple imputation 2 0 2
No missing data method reported 86 55 42
Effect size reporting (yes) 43 (57)b 43 (55) 14 (35)
Reporting of at least one Statistical assumption (yes) 25 6 19
 Distributional assumption of PRO datac 12 (90) 5 7 (43)
 Collinearityd 5 (51) 0 5 (51)
 Multiple testinge 11 (87) 2 9 (43)

No reporting statistical assumptions 76 49 38
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Table 3   Frequencies of articles 
by types of RS and RS detection 
methods

a  Consists of methods such as analysis of covariance, triangulation methods, and multivariate analysis of 
variance methods
NA not applicable

RS detection method Recalibration Reprioritization Reconcep-
tualization

Unspecified

Then-test 52 NA NA 0
Structural equation model (Oort) 21 10 4 0
Structural equation modeling (Schmidt) 3 1 NA 0
Relative importance NA 4 NA 0
Classification and regression trees 3 2 0 0
Random forest regression NA 2 NA 0
Trajectory analysis of residuals 6 0 NA 0
Mixed-effects regression 1 0 NA 0
Item response theory (ROSALI) 2 1 NA 0
Item response theory (Anota) 1 0 NA 0
Multiple linear regression 1 NA NA 4
Othersa 1 NA NA 4

Fig. 4   Uptake of RS detection 
methods, Type of RS detected 
and reporting of statistical 
assumptions and data charac-
teristics. Denominators for the 
reported frequencies are found 
in Table 2; asterisk means 
number of articles added up to 
more than 101 because some of 
the articles adopted both Then-
test and statistical model-based 
methods
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to data characteristics. Of the 101 articles included in this 
review, 25 (24.8%) articles reported on statistical assump-
tions that underlie the RS detection method adopted. Spe-
cifically, 12 articles (13.3%; out of possible 90) assessed the 
assumption of multivariate normality of the PRO data and/or 
adopted an alternative strategy to deal with the non-normal 
distribution of the data. While regression-based models are 
the most sensitive to multicollinearity, only 5 articles (out 
of a possible 51 articles [9.8%]) that used a regression-based 
RS detection method examined the presence of multicollin-
earity and/or adopted a strategy to deal with it. Finally, of the 
87 articles that adopted RS detection methods that allow for 
testing of multiple RS hypotheses, only 11 (12.6%) exam-
ined or adopted a strategy to control familywise Type I error.

Discussion

This study investigated the uptake of RS detection meth-
ods in PRO literature and described the current reporting 
practices and methodological research gaps in RS literature. 
Our scoping review revealed that there has been an increas-
ing number of empirical investigations of RS in longitudi-
nal PRO studies between 1999 and 2016 (see Fig. 2). The 
Then-test method was the most commonly adopted method 
for detecting RS. Another one-third of the articles adopted 
either the Oort or Schmitt SEM procedure. We also found 
inconsistent reporting practices with respect to the type and 
magnitude of the RS effect and the testing and adjustment 
for violations of statistical assumptions.

There are a few points to note when interpreting these 
findings. First, not all RS detection methods were developed 
to test all forms of RS. Oort’s SEM method is the most ver-
satile, so it is not surprising that it has been used in majority 
of studies. Secondly, the majority of the existing RS detec-
tion methods are developed to test recalibration and/or rep-
rioritization RS. But, only a few methods are available to 
test for reconceptualization RS. There is need for further 
research on new methods to test for reconceptualization RS 
in PRO studies. Third, the reviewed RS detection methods 
are not equally sensitive to a variety of data characteristics 
(e.g., multicollinearity, missing data, non-normal distribu-
tions). For example, PRO data are generally characterized 
by skewed or heavy-tailed distributions, incomplete data, 
and strong between-domain/item correlations [41]. Relative 
importance analysis based on logistic regression is sensitive 
to strong between-domain correlations but robust to depar-
tures from the assumption of multivariate normality. On the 
other hand, conventional SEM based on maximum likeli-
hood estimation is reasonably robust to multicollinearity but 
sensitive to violations of the distributional assumption of 
multivariate normality [42, 43].

Our review showed that the majority of the articles pub-
lished on RS did not report on whether any of the assump-
tions underlying each RS detection method are examined 
or not, suggesting that there is less emphasis and limited 
research on the consequences of violations of these statisti-
cal assumptions. The International Society for Quality of 
Life (ISOQOL) RS Special Interest Group (SIG) has spear-
headed research investigations into some of these issues. 
For example, a series of papers that investigated various 
approaches for detecting RS in incomplete longitudinal 
was published as a special issue in Quality of Life Research 
[44–46]. More recently, another series of methodological 
studies about novel statistical approaches, such as IRT and 
SEM based on weighted least squares with mean and vari-
ance adjusted estimators and robust maximum likelihood 
estimators, for testing for RS in item-level data, which are 
typically characterized by non-normal distributions, has 
been published [28, 29, 47, 48]. Further methodological 
research is needed to guide the choice of appropriate RS 
detection methods in longitudinal PRO data that violate con-
ventional distributional assumptions.

There was inconsistent reporting of RS effect sizes 
observed in our review; this can be partly attributed to 
the fact that not all the existing RS detection methods can 
produce a measure of effect size. For example, while RS 
effect sizes can be estimated from Then-test, SEM, and IRT 
methods [20, 49], the magnitude of RS effects cannot be 
estimated in recently developed RS detection methods such 
as relative importance analysis, CART, and random forest 
regression methods. This lack of reporting on RS effect sizes 
has limited meta-analytic investigations of RS effects across 
multiple RS detection methods. Further research is needed 
to develop appropriate measures of effect size for recently 
developed RS detection methods. This will aid future meta-
analytic investigation of RS literature and inform research, 
clinical, and/or policy decisions about RS.

Recommendations for the International 
Society for Quality of Life (ISOQOL)

The results of this scoping review shed light on several 
important gaps in research that must be addressed to advance 
the RS research field. We accordingly provide the following 
recommendations for the ISOQOL. First, our review sug-
gests that RS has been mostly investigated in cancer, stroke, 
and multiple sclerosis patient populations, but there is lim-
ited investigation of RS in more prevalent chronic diseases 
such as diabetes, hypertension, and other cardiovascular dis-
eases. The ISOQOL needs to devise knowledge translation 
strategies to engage researchers and clinicians in investigat-
ing RS and its implications on the measurement of change 
in PRO in these prevalent diseases conditions.
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Second, our review highlights the limited reporting of 
investigations about distributional assumptions underly-
ing RS detection methods. The detection of a RS effect 
is at least partially dependent on the method’s robustness 
to data analytic conditions. There is a need for ongoing 
methodological work to address issues pertaining to com-
parison of methods with respect to their statistical power 
to detect RS effects in PRO data characterized by skewed 
or heavy-tailed distributions, missing data, and other char-
acteristics. This will ensure that robust methodologies are 
available to detect RS in longitudinal data despite vio-
lations of underlying distributional assumptions. Several 
studies have examined the convergent validity of differ-
ent RS detection methods (Then-test, SEM, group-based 
trajectory analysis of residuals, and relative importance 
analysis) in secondary analyses of longitudinal data and 
reported conflicting results about the presence of RS [25, 
34–37]. These inconsistencies in the detection of RS are 
not entirely surprising given that these methods operation-
alize RS differently, possess different statistical properties, 
and are not equally robust to violations of distributional 
assumptions. Simulation analysis provides a valuable 
approach for comparing the statistical properties of exist-
ing RS detection methods by artificially generating pseudo 
datasets that mimic various data analytic conditions often 
observed in real-life PRO datasets. Although computer 
simulations have been used to evaluate the performance 
of SEM [29] and ROSALI algorithm [21, 45], further 
research that uses simulation methods to compare statisti-
cal properties of across multiple RS detection methods is 
needed.

Although our review has focused on methodological 
considerations, it is important to recognize that the notion 
of RS is ultimately not predominantly a statistical matter, 
but rather a theoretical matter that pertains to measurement 
validation and the processes by which individuals respond 
to measurement items [10–12, 50–55]. The choice of an 
appropriate RS detection method seems to be primarily 
guided by technical considerations, such as the design of 
a study, sample size, and variable distributions. However, 
the various statistical methods represent different aspects 
of response processes and measurement validation. As is 
further explained by Sawatzky et al [10], “it is, therefore, 
important that decisions about which method to utilize be 
informed by theoretical considerations related to the pur-
poses of using PRO information and the type of decisions 
that can be made based on the PRO information.” For 
example, methods that allow for item-level analyses [e.g., 
21, 44] should be utilized when the purpose is to under-
stand people’s interpretation and response to the items [17, 
18]. Readers are referred to previously published work 
on cognitive processes underlying patients’ response to 

measurement items [8, 50–52] and modern perspectives on 
measurement validation as it relates to RS theory [53–55].

Our review also highlights variations in reporting of sta-
tistical results related to RS effect sizes, statistical methods 
and their underlying assumptions, and study data charac-
teristics, across most of the articles investigated. These 
inconsistencies and variations in reporting practices could 
constrain scientific advances in the field, including reduced 
opportunities for meta-analysis of RS effects. Standardized 
reporting guidelines can help to ensure uniform reporting 
of RS results. Although existing reporting guidelines, such 
as STrengthening the Reporting of OBservational studies in 
Epidemiology (STROBE) and Consolidated Standards of 
Reporting Trials (CONSORT) guidelines, can be adapted for 
use in reporting about observational studies and randomized 
controlled trials, additional guidelines are needed to ensure 
reporting of comparable and consistent information about 
RS in different studies [56, 57].

Finally, despite methodological advancements in the use 
of modern statistical methods for detecting RS, more educa-
tion about these methods through webinars and workshops, 
is needed along with their automation of recently developed 
methods in existing statistical software packages [58–61] 
to facilitate easier and accessible uptake of these methods.

Conclusion

In summary, RS research continues to be an integral part of 
PRO research field. While our review highlights the meth-
odological advancements made over the last two decades, 
Then-test and SEM are the two commonly used to assess 
RS in PRO studies. There is a need for more research on the 
development of innovative methods, standardized reporting 
guidelines, and knowledge translation activities to expand 
RS research frontiers into new areas.
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