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Chapter 1

Investigating Change in Patient-Reported Outcomes
Patient-reported outcomes (PROs) are increasingly recognized as a critical endpoint in health
care and medicine, and routine assessment of PROs is becoming standard part of clinical
practice (Fayers & Machin, 2016). PROs are used to provide a comprehensive picture of
patients’ wellbeing that can complement and broaden the information that is obtained from
clinical outcomes, such as survival or disease progression. Implementing PROs into clinical
practice helps to understand the impact of illness from the patient’s viewpoint, and can make an
important contribution to health care evaluations (Allison, Locker, & Feine, 1997).
The importance of measuring PROs, such as health-related quality of life (HRQL), is especially
salient in view of ageing societies and more powerful health care interventions, which have led to
an increasing number of people living with chronic disease (Huber et al., 2011). When disease
cannot be cured, its treatment will target patients’ wellbeing instead. In addition, treatment of fatal
diseases, such as cancer, often result in minimal gain of survival, while therapeutic interventions
come with serious side effects and impairments that heavily impact patients’ lives (Osoba, 2011).
In these situations, the wider effectiveness of treatment in terms of overall quality of life is thus of
greater relevance. In clinical trials that focus on palliation or the end of life, patients’ wellbeing may
even become of primary importance. That is, the ultimate purpose of health care interventions
may not be prolonged survival, but maintenance or optimization of patients’ quality of life
(Ferrans, 2007). HRQL assessments provide the opportunity to elucidate the effects of disease
and treatment on patients’ lives (Giesler & Williams, 1998), and make important contributions to
the interpretations and conclusions of clinical trials (Barofsky, 2012; Editorial The Lancet, 1995;
Fayers & Machin, 2016; Ferrans, 2007; Osoba, 1999, 2011).
Evaluating the impact of disease and treatment on patients’ HRQL requires longitudinal
assessment: the assessment of change provides insight into patients’ perceived health trajectories.
However, interpretation of change in HRQL outcomes is complicated by the fact that it is
measured through self-assessment. Self-assessment brings about the problem that respondents
may change their frames of references when answering HRQL-items. That is, people with
similar quality of life over time may nevertheless score differently on HRQL-measures because
the meaning of their self-evaluations has changed. Sprangers & Schwartz (1999) proposed a
theoretical model for change in the meaning of self-evaluations, which they called ‘response
shift’, a term coined by Howard et al. (1979). Sprangers & Schwartz distinguish three different
types of response shift: recalibration refers to a change in respondents’ internal criteria with
which they assess the construct of interest; reprioritization refers to a change in respondents’
values regarding the relative importance of subdomains; and reconceptualization refers to a
change in the meaning of the target construct. The assessment of change in HRQL outcomes is
thus hindered by the fact that different types of change may occur.

8
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Change in the observed scores of a HRQL questionnaire may be due to change in
the experienced quality of life, or – partly – due to change in the meaning of patients’ selfevaluation. For example, a patient may indicate to experience nausea ‘very often’ before
treatment, and ‘some of the time’ after treatment. The change in these responses can be
interpreted as a reduction in nausea, and indicative of an improvement of HRQL. However,
there might be other reasons for this change. It may occur because the patient has recalibrated
what ‘very often’ means. When the experience of nausea occurs frequently due to treatment, the
response ‘very often’ may refer to many more times after treatment than it did before treatment.
Or, maybe the patient has adapted to the experience of nausea and therefore does not find
the experience so overwhelming anymore – even though the patient is nauseated just as often.
These are examples of recalibration response shift, as the internal criteria to assess the qualityof-life item have changed. With reprioritization response shift, there is a change in the relative
importance of subdomains or items of HRQL. For example, when a disease or treatment causes
serious physical impairment, social functioning may become more important to the patient’s
HRQL than physical functioning. As a result, observed change in social functioning does not
(only) reflect change in HRQL, but also change in the importance of the subdomain. Finally,
reconceptualization response shift refers to a change in the meaning of a patient’s response, e.g.,
a patient may interpret ‘social functioning’ as work-related before treatment, and as familyrelated after treatment. Change in the indicator social functioning may in this case (at least
partly) reflect a change in the meaning of the indicator itself. Thus, the investigation of response
shift is important, as the occurrence of response shift may impact the assessment of change.
In this thesis, change in HRQL outcomes is investigated using structural equation modeling
(SEM). There are several methodological approaches for the investigation of response shift, i.e.
individualized methods, preference-based methods, successive comparison methods, design
approaches, qualitative approaches, and statistical approaches (Schwartz & Sprangers, 1999).
SEM is one of the statistical approaches, and has many advantages, including the possibility
to distinguish between different types of change in the meaning of one’s self-evaluation (i.e.,
response shifts), and the possibility to take into account possible response shift effects in order
to enable a more valid assessment of change in HRQL.
Conceptualization and Operationalization of Health-related Quality of Life
Medical decision making research has focused increasingly on HRQL as an important outcome
(Crosby, Kolotkin, & Williams, 2003), and many clinical trial organizations require or
recommend the assessment of HRQL as a standard part of new trials (Editorial The Lancet,
1995; Fayers & Machin, 2016). But how is HRQL assessed, and how are these measures
interpreted? Even though the assessment of HRQL is supported by, and readily applied in
clinical practice and research, it is also generally acknowledged that there is a lack of theoretical
agreement on the concept of HRQL (e.g., Aaronson, 1991; Barofsky, 2012; Fayers & Machin,
2016; Ferrans, 2007; Gill & Feinstein, 1994; Hunt, 1997). This has led to heterogeneity in both
9
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its conceptualization and operationalization, which complicates the interpretation of HRQL
outcomes. Moreover, heterogeneity in conceptualization and operationalization of HRQL may
also influence the occurrence and interpretation of different types of change.
Heterogeneity in conceptualization of HRQL. The interest in the patient-perspective
on health was first encouraged by the redefinition of health in 1948 by the World Health
Organization (WHO) as “not only the absence of disease and infirmity, but also the presence
of physical, mental, and social wellbeing”.1 This redefinition of health formalized the idea that
health outcomes should not only encompass clinical diagnostics such as the presence, or the
number and size of tumors, but should also include the patients’ perspective on their wellbeing.
Earlier developments within the medical setting focused on objective measurements of functional
health status (e.g., the ability to perform routine tasks). Due to the WHO redefinition of health,
these measures were broadened to indicate ‘quality of survival’ (e.g., symptomatic effects of
treatment like pain, distress or suffering). The WHO redefinition of health also triggered an
expansion of measures to evaluate the general wellbeing of populations that included person’s
perceptions of life (e.g., social and emotional aspects). These developments have led to assessment
scales that combine medical-health status indexes (i.e., physical and functional status) and socialscience population indexes (i.e., social and psychological status) as measures of ‘quality of life’
(QL) (Prutkin & Feinstein, 2002). Therefore, instead of clear theoretical frameworks to guide
questionnaire development, measures of QL are often based on a combination of measures that
were developed for other purposes (Tennant, 1995).
The term ‘HRQL’ has arisen to conceptually clarify that the measurement of QL is restricted
to those aspects of life that fall within the reach of the health care system. However, conceptualor theory-based definitions of HRQL are rare (e.g., Wilson & Cleary, 1995). Moreover, the
term HRQL is often used interchangeably with terms such as quality of life, wellbeing,
perceived health, subjective health status, health perceptions, physical functioning, symptoms,
or functioning disability. HRQL is broadly described as a multidimensional construct that
constitutes physical, psychological and social wellbeing (based on the WHO definition of
health). However, physical wellbeing includes concepts such as health status, functional capacity
or physical symptoms. Psychological wellbeing may include depression, anxiety or cognitive
functioning. And, social wellbeing can include family relations and social interaction. As a
result, operationalizations of the HRQL construct can encompass one, but more often several of
the constructs within the physical, psychological or social domains (for more detailed accounts
of historical and theoretical developments of HRQL assessments see for example Bowling,
1997; Bullinger, 2002; Fayers & Hays, 2005; Fayers & Machin, 2016; Ferrans, 2005; Guyatt,
Feeny & Patrick, 1993; McSweeny & Creer, 1995; Prutkin & Feinstein, 2002).
1

Preamble to the Constitution of the World Health Organization as adopted by the International Health Conference,
New York, 19-22 June, 1946; signed on 22 July 1946 by the representatives of 61 States (Official Records of the World
Health Organization, no. 2, p. 100) and entered into effect on 7 April 1948.
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Heterogeneity in operationalization of HRQL. As there is no conceptual consensus on
what precisely constitutes HRQL, there is also no consensus on which components or domains
should be used in its operationalization. For example, it has been argued that physical aspects of
health are over-represented in HRQL assessments (e.g., Mayo, Moriello, Asano, van der Spuy, &
Finch, 2011; Smith, Avis, & Assmann, 1999) and that there is no agreement about the mental or
social aspects that should be considered (e.g., Hunt, 1997; Prutkin & Feinstein, 2002). With a
lack of theory-based definitions of HRQL, researchers often use operational definitions of HRQL
instead, i.e. they define the concept through the measurement instruments that are applied.
Barofsky (2012) argues that operational definitions may be required to understand an
inherently abstract concept such as HRQL. That is, the construct has to be made concrete for
it to make sense. Such practice may do justice to the different definitions of HRQL that are
adopted for different groups of patients with different diseases, or with different treatments.
As such, operational definitions of HRQL have led to the development of disease-specific
HRQL questionnaires. These questionnaires focus on problems associated with specific disease
status, patient groups, or areas of functioning. Generic HRQL instruments, on the other hand,
are devised to provide a general summary of HRQL that can be used in a variety of contexts.
For example, the EQ-5D (The EuroQol Group, 1990) and SF-36 health survey (Ware, Snow,
Kosinski, & Gandek, 1993) were developed to be applicable to a wide range of health conditions
and treatments, whereas the EORTC QOL Group has developed a generic quality-of-life
instrument for cancer patients (the QLQ-C30) that can be complemented with tumor-specific
modules (Aaronson, et al., 1993). Such developments have helped to provide some structure in
the conceptualization – through operationalization – of the HRQL construct.
The heterogeneity in the measurements of HRQL does not only stem from differences in
its (operational) conceptualizations, but also from differences in how exactly patients’ HRQL
is assessed. That is, two instruments may provide conceptually similar definitions of HRQL
(e.g., both capture physical and psychological symptoms), yet they may differ in terms of how
they operationalize (measure) these concepts with HRQL-items. These differences are mostly
due to diverging interpretations of the term ‘subjective’ in ‘subjective measurement’. When
one considers the distinction between objective versus subjective measurements of health,
objective measurements refer to clinical diagnostics2, while subjective measurements refer to
health as experienced by the patient (i.e., HRQL). Two patients may have identical objective
health (i.e., identical clinical diagnosis or conditions) but can have very different subjective
health experiences. The term subjective thus indicates that the meaning of health to the patient
is taken into account. However, the term subjective is sometimes taken to only indicate that
health is patient-reported, i.e. conditions are measured by asking the patient. Yet, as Mor &
2

Note that one may question the objectivity of clinical assessments of health. Clinical assessments often require human
interpretation in order to acquire meaning. Just because the observation is made by someone other than the patient, does
not necessarily make the observation objective. See Cella et al. (2003) for a discussion on the accuracy and precision of
HRQL data as compared to clinical measures.
11
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Guadagnoli (1988) argue, a symptom or feeling that is experienced by the patient can still be
seen as objective when it refers to a state or condition that does not require an evaluative process
to determine the meaning of that symptom or feeling to that person (e.g., are you able to walk a
100 meters?). In contrast, when the patient is being asked to make a relativistic assessment (e.g.,
compared to three weeks ago, … ) or assess the meaning of the symptom (e.g., how much did the
pain trouble you?), the evaluation may be considered truly subjective because it incorporates a
personal anchor or frame of reference (see also Schwartz & Rapkin, 2004).
The distinction between objective and subjective patient-evaluations of health is important
as it influences the interpretation of HRQL (change) assessments. Specifically, different types of
health evaluation may be susceptible to different types of change. An objective evaluation such
as ‘are you able to walk a 100 meters?’, might be less susceptible to response shift as the patient’s
frame of reference is not expected to change (much) across occasions (i.e., the interpretation of
what exactly is a 100 meters is expected to stay more or less the same). However, if we consider
questions such as ‘are you able to make a short walk?’, or ‘are you limited in your ability to walk?’,
the frame of reference of the patient may play a role in answering the question (i.e., terms such
as ‘short’ and ‘limited’ leave room for personal interpretation). For example, Taminiau-Bloem et
al. (2010) conducted cognitive interviews with a group of cancer patients when they filled out
a HRQL-questionnaire, and found that a ‘short walk’ is interpreted to refer to a longer walk
before radiotherapy than afterwards. More generally, the operationalization of health aspects as
‘health problems’ (i.e., objective evaluations) or ‘health evaluations’ (i.e., subjective evaluations)
have been found to be differently susceptible to change (e.g., de Haes, de Duiter, Tempelaar,
& Pennink, 1992; Hyland, Kenyon, & Jacobs, 1994); which could (partly) be due to response
shift. Therefore, the heterogeneity in operationalization of the HRQL construct – and the
distinction between objective and subjective health evaluations – is important to consider as it
may influence the occurrence of different types of change.
Conclusion. HRQL outcomes provide valuable information about the patient-perspective on
health that can complement and broaden standard clinical outcomes. However, it is important
to consider the heterogeneity in conceptualization and operationalization of the HRQL
construct. This will enable appropriate interpretation of HRQL outcomes, as it may influence
the occurrence and interpretation of different types of change. As adaptation of a personal frame
of reference is considered to be a key characteristic of HRQL assessment, the investigation of
change in these frame of references, i.e. response shift, is especially relevant for a valid assessment
of change in HRQL.
Typology of Change: Using Structural Equation Modeling to Investigate Response Shift
Structural equation modeling (SEM) is a statistical technique that can be used to model
relationships between observed responses (e.g., patients’ scores on items or subscales of a
HRQL questionnaire) to be reflective of one or more unobserved latent variables or common
factors (e.g., the HRQL-construct that the items or subscales aim to measure). Within the SEM
12
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framework, the variances and covariances (Σ, ‘Sigma’) and means (μ, ‘mu’) of the observed
variables (X) are given by:
Cov(X,X’) = Σ = Λ Φ Λ’ + Θ,
and:
Mean(X) = μ = τ + Λ κ,

1

where Λ is a matrix of common factor loadings that describes the relationships between the
observed variables and underlying common factors, Φ is a matrix of common factor variances
and covariances, Θ is a matrix of residual variances and covariances that cannot be explained by
the underlying common factors, τ is a vector of intercept values of the observed variables, and κ
is a vector of common factor means.
Assessment of change. SEM can be applied to data from multiple measurement occasions,
which enables the assessment of change. SEM provides a convenient framework for the
assessment of change, as all model parameters can reflect (possible) change. Hence, it can be used
to operationalize different types of change (Oort, 2004). The measurement issue of response
shift can be approached with the SEM framework by using the concept of measurement bias
(Oort, 2005). Unbiased measurement, or measurement invariance, entails that the observed
variables measure the same latent variable in the same way across different situations (Meredith
& Teresi, 2006). A violation of measurement invariance indicates that the comparison of
underlying latent variables is biased. A formal definition of measurement invariance was first
given by Mellenbergh (1989; but see also Meredith, 1993; Meredith & Millsap, 1992), where
an observed variable X (e.g., an item or subscale from a HRQL questionnaire) measuring trait
T (e.g., HRQL) is unbiased with respect to another variable V (e.g., disease, treatment, gender),
if and only if:
f1(X | V = v, T = t) = f2(X | T = t),
where f1 is the distribution of the observed responses given the values v and t of variables V
and T, and f2 is the distribution of observed responses given only the values t of variable T.
When these distributions are not equivalent, the responses of X are biased with respect to V. In
the presence of bias, differences between two people on observed scores may not reflect ‘true’
differences on the trait variable (e.g., men and women may score differently on an item that
measures wellbeing, even though their wellbeing does not differ).
Although the concept of measurement invariance has been mostly applied to investigate
across group differences (i.e., with V being group membership), Mellenbergh emphasized the
generality of the definition, where V can be latent or manifest, and may have nominal, ordinal or
interval measurement scales. When one replaces V with the time of measurement, it can be used
to investigate longitudinal measurement invariance. In the common factor model, longitudinal
measurement invariance holds when the measurement parameters in τ, Λ, and Θ are invariant
13
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across measurement occasions. We can distinguish between different levels of measurement
invariance, where configural invariance refers to invariance of the pattern of common factor
loadings (i.e., the pattern of zero and non-zero values in Λ), weak factorial invariance refers to the
invariance of both the pattern of common factor loadings and the values of the common factor
loadings (i.e., all elements of Λ), strong factorial invariance refers to the invariance of common
factor loadings and intercepts (i.e., Λ and τ), and strict factorial invariance refers to the invariance
of common factor loadings, intercepts, and residual variances (i.e., Λ, τ, and the diagonal of Θ).
Operationalization response shift effects. The SEM method for the investigation of
different types of changes in HRQL outcomes uses the notions of configural invariance, weak
factorial invariance, strong factorial invariance, and strict factorial invariance to operationalize
reconceptualization, reprioritization, uniform recalibration and non-uniform recalibration
respectively. To illustrate, suppose we have patients’ scores on several observed indicators that
measure physical, emotional and social aspects of health. We use a (three-) factor model to
represent the relationships between the observed variables, where the underlying latent variables
represent everything that these measures have in common (e.g., perceived health or HRQL).
The pattern of common factor loadings is used to determine whether patients employ the same
conceptual framework across time. For example, when the common factor loading of an observed
indicator of physical health would be zero at the second measurement occasion, this means that
this indicator is no longer part of the measurement of physical health, indicating a shift in the
conceptualization of physical health (i.e., reconceptualization response shift). When the value of
the common factor loading is smaller at the second measurement occasion as compared to the
first measurement occasion, this indicates a shift in the meaning (importance) of the indicator
to the measurement of physical health (i.e., reprioritization response shift). When the intercept
value changes over time, this indicates a shift in the meaning of the response categories (internal
standards) of the indicator by which patients asses their physical health (i.e., uniform recalibration
response shift). When the variances of the residual factors change over time, this may indicate
that the change in the meaning of the response categories of an observed indicator is not in the
same direction for all categories, or the direction of change differs between individuals (i.e., nonuniform recalibration response shift).
Operationalization ‘true’ change. In the presence of reconceptualization, reprioritization,
or recalibration responses shift, the comparison between underlying latent factors (i.e., physical,
emotional and social domains of HRQL) is compromised because the meaning of the construct
is not equivalent across time. Moreover, a comparison of the indicators for which response shift
has been detected is also compromised, as change in the observed indicators does not (only)
reflect change in the underlying variables. The SEM framework for the investigation of change
in HRQL outcomes does not only allow for the detection of possible response shifts, but also for
the incorporation of detected response shifts into the model. By allowing some non-invariance
of model parameters (i.e., partial measurement invariance; Byrne, Shavelson, & Muthén, 1989)
14
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it is possible to investigate change in the underlying latent variables, while taking into account
possible response shifts. Changes in the common factor variances (i.e., the diagonal of Φ) and
common factor means (i.e., κ) across occasions are indicative of ‘true’ change in the construct of
interest (i.e., the underlying latent variables that represent HRQL). When the common factor
means increase over time, this indicates that patients’ score higher on HRQL after the start of
treatment.3 When the common factor variances increase, this indicates that the group of patients
becomes more heterogeneous with regards to HRQL.
Added value of the SEM approach. There are two main advantages of the SEM approach to
investigate change in HRQL outcomes. First, it allows for an operationalization of different types
of response shift. Second, it can account for the different types of response shift by modeling
partial measurement invariance. Investigation of change using the SEM framework thus allows
for an investigation of change in HRQL where patients’ self-evaluations are modelled to come
from the same frame of reference, while deviations from this frame of reference (i.e., changes in
standards, values or conceptualizations) are also considered. In addition, the flexibility of the
SEM framework enables the inclusion of multiple measurements (e.g., analyses of more extensive
follow-up trials), multiple groups (e.g., the comparison of different patient-groups based on
disease, treatment, or patient-characteristics), or multidimensional scales (e.g., analyses including
multiple HRQL domains, or other latent variables, simultaneously). Thus, the SEM method
provides an elegant way for the investigation of different types of change in patient-reported
health outcomes. However, like any method, its validity depends on certain methodological and
conceptual assumptions. Detailed overviews of the general assumptions of SEM are provided
elsewhere (e.g., Bentler & Chou, 1987; Bollen, 1989; Bullock, Harlow, & Mulaik, 1994) and
include some more critical notes (e.g., Borsboom, Mellenberg, & van Heerden, 2003; Cohen,
Cohen, Teresi, Marchi, & Velez, 1990). Below, we briefly discuss some of these issues, particularly
those that are deemed important for the interpretation of change in HRQL outcomes.
HRQL as a latent variable. An underlying assumption of SEM is that the relationships
between observed variables can be attributed to an underlying latent variable that is not directly
observed (Bentler, 1982). In the case of HRQL, we thus assume that the construct itself cannot
be directly observed, but instead we have observations that are reflective of HRQL. Reflective
measurement assumes a directionality of effects between HRQL and the observed variables
that has been much debated (e.g., Costa, 2015; Fayers & Hand, 1997; Fayers, Hand, Bjordal, &
Groenvold, 1997). With reflective measurement, it is assumed that variations in the underlying
latent variable are the cause of variations on the observed variables (Bollen, 1989). For example,
patients score differently on questions about the emotional aspects of health because they have
3

As residual variances do not feature in the mean structure of the SEM model, the detection of non-uniform
recalibration is not important for the investigation of mean change in the common factor (Oort, 2005; Vandenberg &
Lance, 2000; but for an alternative view see also Lubke & Dolan, 2003; Deshon, 2004).
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different HRQL. However, it could be argued that the direction of effects is reversed, where
patients have a different HRQL because they have different emotional health, also referred to
as formative measurement. With formative measurement, HRQL is considered an emergent
property from its measurements, whereas with reflective measurement HRQL is seen as
something that exists in reality, independent from its measurements. When applying the SEM
framework to HRQL data, we should therefore consider whether the adopted HRQL construct
is consistent with reflective measurement.
With a lack of theoretical frameworks of HRQL it is difficult to find theoretical or
conceptual arguments in the literature that support the notion of the HRQL construct as a latent
variable. In the literature on subjective wellbeing, causational relations between the concept
and its measures have been discussed in terms of bottom-up versus top-down theories (Diener,
1984). One of these conceptual frameworks describes wellbeing as a top-down process, where
the wellbeing of an individual determines individual perceptions of different aspects of life. If we
apply this example to the HRQL construct, and conceive the individual perceptions of different
health-aspects of life as being determined by an individual’s HRQL, then this would be in line
with reflective measurement. Similarly, in a discussion on the difference between reflective and
formative measurement, Cohen et al. (1990) give an example of reflective measurement of (ill)
health. They considered indicators such as fatigue and pain to be functional consequences of
diseases and thus in line with reflective measurement of health. These examples of reflective
indicators of health are consistent with common measures of HRQL. If we consider HRQL
as perceived health by the patient, then we could argue that measures of specific areas of health
(e.g., perceived pain, perceived fatigue) are functional consequences of HRQL.
However, the appropriateness of reflective measurement depends also on the
operationalization of the HRQL construct. For example, in the same discussion of reflective
and formative measurement by Cohen et al. (1990), they consider indicators such as bloodpressure or heart-rate as formative indicators of health. They argue that these kind of ‘objective’
clinical conditions cannot be conceived as being determined by health, but rather as causes of
(ill) health. This argument has been raised too, specifically for the measurement of HRQL
(Fayers & Hand, 1997; Fayers et al., 1997). They argue that common ‘objective’ indicators such
as symptoms or side-effects cannot be considered reflective indicators of HRQL, but instead are
‘causes’ of HRQL. The theoretical discussion on subjective versus objective indicators of HRQL
is thus – again – important to consider. One may feel comfortable with reflective measurement
of HRQL, when it is measured through subjective evaluations of health aspects. In contrast,
when HRQL is measured through objective indicators such as ability to walk, it is harder to
conceive these indicators as consistent with reflective measurement. HRQL does not determine
patients’ ability to walk. Rather, patients’ ability to walk determines their HRQL. However, one
should take into account to what extent these ‘objective’ indicators are asking for an evaluation
from the patient. For example, when symptoms or side-effects require an evaluation in terms of
severity or impact, patients’ answers may be influenced by their health perception or HRQL.
16
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One can argue that patients’ answers to questions about health will at least partly reflect their
underlying HRQL (Oort, 2005).
The lack of consensus on the issue of formative versus reflective measurement is also
related to the lack of consensus on the definition of the HRQL concept. One may – perhaps
rightfully – question whether HRQL can be considered an existing entity on itself, rather than
being a phenomenon that exists only because of pragmatic and functional utility in explaining
correlational patterns. Determining the general appropriateness of reflective measurement for
the HRQL construct is obfuscated by its different conceptualizations and operationalizations
(Costa, 2015). The view in this thesis is that SEM provides a convenient framework to model
commonalities in the patterns of change of multiple health-indicators, but that the (successful)
application of these models should not be interpreted as evidence that the reflective latent-variable
model is an appropriate or ‘true’ model for HRQL. This may be an inconsistent stance, as the
SEM model is formulated under the assumption that the model is ‘true’, and therefore the model
(parameters) may only be valid under this assumption. Nevertheless, the possible methodological
and practical benefits of investigating change in HRQL outcomes using SEM methodology are
deemed important to further develop the field of HRQL research. Theoretical developments
are imperative to reach agreement on the conceptualization and operationalization of HRQL.
Statistical methods may help to understand the behavior of HRQL measurements – in its current
stage of the theoretical development – and therefore aid also in its conceptualization.
Interpretation of measurement bias. The different types of change in HRQL outcomes
are operationalized using measurement invariance and measurement bias. The term ‘bias’ has
a negative connotation, and is often referred to as ‘confounding’, requiring ‘adjustment’, or
‘obfuscating true change’. This has led to some disagreement in the scientific community about
whether or not response shift effects should be interpreted as ‘true’ changes in HRQL, or
whether they should be interpreted as a ‘bias’ in the measurement of HRQL (Kievit, et al., 2010;
Ubel, Peeters, & Smith, 2010). Some disagreement in the interpretation of response shift stems
from the fact that response shift can be viewed from a measurement perspective, but also from
a conceptual perspective, where response shift is considered a bias in the explanation of change
(Oort, Visser, & Sprangers, 2009). It is important to understand that the term bias is used to
refer to measurement bias, specifically in the comparison of HRQL assessments. It should not
be taken to indicate that the HRQL assessment of one specific occasion is biased, but rather
that the comparison of HRQL assessments is biased when one cannot ascertain that the same
construct is measured at both occasions. Thus, the term bias only refers to bias in terms of the
measurement of change. Although bias may confound or obfuscate assessment of change from
a measurement perspective, the occurrence of detected bias may also enrich our understanding
of patterns of change. In fact, it has been emphasized that the interpretation and explanation
of detected measurement bias is of utmost importance – although somewhat neglected in the
literature (e.g., Mellenbergh, 1989; Millsap & Meredith, 2004). The SEM framework for the
17

1

Chapter 1

investigation of change in HRQL outcomes is innovative in that it formulates a direct link
between statistical operationalizations of measurement bias and the conceptualizations of
change due to response shift effects. Response shift effects are often acknowledged to be of
substantive interest (e.g., Barclay-Goddard, Epstein, & Mayo, 2009) and may even be considered
as beneficial treatment effects (Nolte, Elsworth, Sinclair, & Osborn, 2012; Preston et al., 2013).
Therefore, insight into the changes in standards, values and conceptualizations of patients’
HRQL may also enhance our understanding of changes in HRQL.
Group-level inferences. SEM is applied to group-level statistics (i.e., variances, covariances
and means of the observed indicators) and provides information at the group level (i.e.,
variances, covariances and means of the common factors). There is some discussion as to whether
the concept of HRQL should be seen as something that is only inherently meaningful to an
individual patient, or whether HRQL scores can also be meaningfully aggregated to represent
an ‘average’ of groups of patients (e.g., Donaldson, 2005; Hunt, 1997; Lantos, 1998). In the
assessment of change, these average scores of HRQL assessments are interpreted relatively to the
average scores of another HRQL assessment in order to provide information about group-level
change. It is true that group-level change may not be directly meaningful for inference about
individual-level change (e.g., some patients may show no change or even negative change). The
same is true for detecting changes due to response-shift effects. The SEM method will only detect
group-level response shift when the majority of patients show individual-level response shift
(Oort, 2005). When the majority of patients experience a response shift, this can be meaningful
for the interpretation of general patterns of change – even though some patients may not
experience the detected response shift or not all patients experience the detected response shift
to the same degree. Further investigation of these findings may show which patients are prone
to show the detected response shift, may help to understand why certain patients do or do not
experience the response shift, and possibly how response shift could be enhanced or prevented.
The SEM method for the investigation of response shift is thus valid under the assumption
that response shift is present in the majority of individuals. However, the interpretation
of group-level patterns of change as indicative of individual-level patterns of change in the
majority of patients requires the assumption of ‘ergodicity’ (Molenaar, 2004). Ergodicity
implies that intraindividual differences (i.e., changes at the individual level) have the same
structure as interindividual differences (i.e., changes at the group level). It has been argued that
ergodicity is an unrealistic assumption for the majority of psychological constructs (Borsboom,
et al., 2003), and specifically for the construct of HRQL (Donaldson, 2005). For example, it
may be that individual patients have different latent variable structures of HRQL (e.g., with
different dimensional structures), which may yield different patterns of change. Such individual
differences may not be adequately captured when analyzing the latent variable structures
of groups of patients. Empirical evidence for similarities between inter- and intra-individual
structures of HRQL does not yet exist. Some promising research has been done to identify
cognitive processes at the individual level that may be used to substantiate the interindividual
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conceptualization of HRQL (change) assessments (Bloem, 2010). The individual cognitive
processes used to elicit responses to HRQL-questionnaire items were found to change over
time, and could be linked to processes of response shift (Taminiau-Bloem, et al., 2010).
However, Taminiau-Bloem et al. also found substantial intra- and interindividual differences in
the patterns of cognitive processes. Further research is needed to connect cognitive processes of
the individual with group-level structures of (change in) HRQL. Moreover, statistical analyses
of processes of change and structures of HRQL in individuals can be used to investigate the
equivalence with processes of change and structures of HRQL in groups of patients, and thus
test the assumption of ergodicity.
The SEM method is applied under the assumption that the latent variable structure of HRQL
at the group-level also applies ‘on average’ to the individual-level or to the majority of individuals.
This is necessary for a meaningful interpretation of group-level change. However, one should
keep in mind that SEM is not directly aimed at making inferences about processes of change (or
response shift) at the level of unique individuals. Alternative statistical techniques are available to
study mechanisms of change within individuals directly (e.g., Hamaker, Dolan, & Molenaar, 2005).
Conclusion. The SEM framework can be used to assess different types of change in HRQL
outcomes. Specifically, the concept of measurement bias can be used as an operationalization for
response shift effects, which enables the distinction between changes in standards, values, and
conceptualization of patients’ self-evaluation, and changes in the underlying construct of interest
(e.g., HRQL). However, the heterogeneity in conceptualization and operationalization of the
concept of HRQL complicates the interpretation of change. The tenability of the underlying
assumption that HRQL is a latent variable that refers to an existing, but unobserved, entity
depends (partly) on the definition and operationalization of HRQL. In this thesis, the SEM
method to assess change in HRQL outcomes is not used in order to claim conceptual evidence of
HRQL as a latent variable, but rather to investigate patterns of change in HRQL measurements
and deviations from these patterns of change that can be taken as evidence of response shifts.
Even though an individual’s quality of life is an idiosyncratic response of which the meaning to
that individual’s life may only be understood using qualitative or phenomenological approaches,
we can use these individual patient responses in a quantitative way to uncover commonalities
in the patterns of change of perceived health. This may give valuable insight into the patterns
of experienced illness and disease of groups of patients, which may help our understanding of
changes in patient-reported quality of life, and eventually may also benefit the quality of life of
the individual patient.
Thesis Outline
The general aim of this thesis is to help researchers and practitioners with the investigation and
interpretation of change and response shift effects in HRQL outcomes. The following chapters
address several methodological issues that are important for the assessment of different types
of change in HRQL outcomes using the proposed SEM approach. First, we compare the SEM
19

1

Chapter 1

approach to the ‘then-test’ approach, which is one of the most commonly applied methods
for the detection of response shift (Chapter 2). Then, we explain how the SEM approach for
detection of response shift can be extended to the situation in which there are many measurement
occasions (Chapters 3, 4 and 5), and to the analysis of discrete data (Chapters 6 and 7). Finally,
we explain how to calculate and interpret effect-size indices of change to enable interpretation
of the clinical significance of response shift (Chapter 8).
Comparison with the then-test approach. There are different methodological approaches
available for the investigation of change due to response shifts. A commonly applied method
for the detection of response shift is the so-called ‘then-test’ approach. This design approach
extends the pretest-posttest design with a retrospective pre-test at time of post-test assessment,
where patients are being asked to re-evaluate their HRQL at time of pre-test. In comparison to
the SEM approach, the then-test approach thus requires an additional measurement and only
measures recalibration response shift. In Chapter 2 we compare both approaches in terms of their
assessment of change and detection of response shift. In addition, the inclusion of the then-test
into the SEM approach enables the evaluation of underlying assumptions of the then-test. The
aim of this chapter is to test the validity of the then-test approach and highlight the differences
between the then-test and SEM approach for the investigation of change. Both approaches are
applied to data from 170 cancer patients undergoing invasive surgery. HRQL was assessed prior
to surgery (pre-test) and three months following surgery (post-test and then-test) using the SF-36
health survey (Ware et al., 1993) and the Multidimensional Fatigue Inventory (Smets, Garssen,
Bonke, & de Haes, 1995).
Investigation of response shift in extensive longitudinal designs. Response shift
is usually investigated in situations where there are two measurement occasions (i.e., a preand post-test). The flexibility of the SEM framework allows for the inclusion of many more
measurement occasions. However, this requires additional restrictions to the model. Imposition
of so-called Kronecker product restrictions yield the longitudinal three-model model (L3MM;
Oort, 2001) which enables the assessment of change in more extensive longitudinal designs. In
Chapter 3 we explain how the L3MM can be applied to multivariate longitudinal data from
many measurement occasions, and illustrate the imposition and interpretation of L3MM
restrictions. In Chapter 4 we propose a procedure for the detection of measurement bias in
L3MMs, and explain how the detected biases can be modelled using linear, or non-linear curves.
This enables the detection of response shift in L3MMs and the evaluation and interpretation
of possible trends in response shift effects over time. In both chapters we use an illustrative
example of HRQL data that was obtained from 682 patients with painful bone metastasis at
13 measurement occasions; before and every week after treatment with radiotherapy. This is a
subset of data from the Dutch Bone Metastasis Study (DBMS; Steenland et al., 1999; van der
Linden et al., 2004), where HRQL was assessed with the EQ-5D (The EuroQol Group, 1990),
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the Rotterdam Symptom Checklist (de Haes et al., 1996), and the QLQ-C30 (Aaronson et al.,
1993). In Chapter 5 we apply L3MMs in a multi-group context to investigate response shift and
assess change in groups of patients with different attrition rates. We included data from 1029
patients from the DBMS database, and distinguished three groups based on their pattern of
attrition: short survival (3-5 measurements; n = 144), medium survival (6-12 measurements; n
= 203), and long survival (>12 measurements; n = 682).
Investigation of response shift in discrete data. SEM is usually applied to continuous data,
i.e., modeling the means, variances and covariances of observed variables. However, HRQLdata are often not continuous but discrete (e.g., ordinal item responses). As a consequence,
SEM is generally applied to continuous item responses or to the aggregated sum of ordinal
item responses (i.e., at the subscale level). In Chapter 6 we propose a SEM approach for the
investigation of response shift and assessment of change in discrete data. The proposed SEM
approach is illustrated with item-level data from 485 cancer patients whose HRQL was measured
with the SF-36 health survey, before and after start of chemo- or radiotherapy. In Chapter 7 the
SEM approach for discrete data is applied in a multi-group context to investigate gender- and
age-related bias in the items of the Hospital Anxiety and Depression Scale (HADS; Zigmond &
Snaith, 1983). Data were obtained from 1068 adults who consulted a primary care professional.
We illustrate bias detection using a multigroup SEM approach and a multidimensional SEM
approach, and compare our results to the results of the ordinal logistic regression, item response
theory, and contingency tables methods reported by Cameron, Scott, Adler and Reid (2014).
The clinical significance of response shift. The detection of response shift is guided by tests
of statistical significance. However, when an effect is statistically significant this cannot be taken
to indicate that the effect is also clinically significant (i.e., meaningful). In Chapter 8 we explain
how SEM can be used for the decomposition of change, where observed change is decomposed
into change due to response shift effects, and change due to the underlying latent variable (e.g.,
HRQL). Subsequently, we explain how to calculate and interpret effect-size indices of change to
enable interpretation of the clinical significance of the different types of change. As such, effectsize indices can be used to evaluate the impact of response shift on the assessment of change. To
further enhance clinical interpretability, we compare the effect-size indices of change with other
well-known types of effect-size indices, including probability benefit, probability net benefit,
and number needed to treat to benefit. Pre- and post-test data from Chapter 2 are used as an
illustrative example.
Summary. In Chapter 9, we provide a summary of the main findings of this thesis. In addition, we
discuss practical issues that play a role in the application of the SEM approach for the detection of
response shift, and provide guidelines for its future applications in the context of HRQL research.
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CHAPTER 2
Response Shift Detection Through Then-Test and Structural
Equation Modeling: Decomposing Observed Change and
Testing Tacit Assumptions
Assessment of change in patient-reported outcomes may be invalidated by the occurrence
of response shift. Response shift refers to a change in respondent’s frame of reference that
may cause changes in observed variables that are not directly related to change in the
construct of interest. An established approach for detecting response shift in the area of
health-related quality of life (HRQL) is to administer a retrospective pre-test (thentest). In this study, the then-test was incorporated in the structural equation modeling
(SEM) approach to (1) compare the then-test approach and the SEM approach in
their decomposition of observed change and (2) to test the underlying assumptions
of the then-test approach. In an application to HRQL-data of 170 cancer patients
undergoing invasive surgery, we found that both approaches revealed a similar pattern of
decomposition, although there were some differences in the size and direction of change.
With regard to the underlying assumptions of the then-test approach, results showed: (1)
no evidence for recall-bias (Recall Assumption supported for all scales), (2) that frames of
reference were not invariant across post- and then-test measures (Consistency Assumption
rejected for four out of nine scales), and (3) that frames of reference were not only affected
by the recalibration type of response shift (Recalibration Assumption rejected for three out
of nine scales). Future research should focus on valid approaches for detecting response shift
and the consequences for assessing changes in HRQL.

This chapter is based on: Verdam, M. G. E., Oort, F. J., Visser, M. R. M., & Sprangers, M.
A. G. (2012). Response shift detection through then-test and structural equation modelling:
Decomposing observed change and testing tacit assumptions. Netherlands Journal of
Psychology, 67, 58-67.
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Introduction
Patient-reported outcomes of health-related quality of life (HRQL) are becoming increasingly
more important in evaluating treatment effects in clinical settings. However, there is a wellknown disparity between patient-reported and clinical measures of function. One explanation
for this disparity is related to the dynamic nature of the HRQL construct (Allison, Locker, &
Feine, 1997). The dynamic nature of the construct entails that the frame of reference with which
individuals assess their HRQL can differ between subjects and can change within subjects over
time. Such a change in frame of reference may cause changes in observed variables that are not
directly related to change in the construct of interest. It is therefore important to detect possible
changes in respondent’s frame of reference.
Change in frames of reference is also referred to as “response shift”. The term response shift
was first used in research on educational training interventions (Howard et al., 1979) and
was also investigated in the field of organizational change where they used the terminology of
“alpha”, “beta” and “gamma” change (Golembiewski, Billingsley, & Yeager, 1976). In the area
of HRQL-research, Schwartz & Sprangers (1999) proposed a theoretical model of response
shift that distinguishes three types of response shift: (1) recalibration, which refers to a change
in the respondent’s internal standards of measurement, (2) reprioritization, that refers to a
change in respondent’s values regarding the relative importance of component domains of the
target construct, and (3) reconceptualization, referring to a change in definition of the target
construct. Response shift causes comparison of measurements over time to be incomparable.
Therefore, when investigating changes in HRQL, it is important to also investigate – and
account for – response shift effects.
Several methodological approaches are available to investigate response shift in longitudinal
HRQL-research (Schwartz & Sprangers, 1999; Schwartz et al., 2011). The ‘then-test’ approach
is most commonly used, and includes a retrospective pre-test measure in addition to the usual
pre- and post-measures. This retrospective pre-test is administered at the post-test occasion and
asks respondents to re-evaluate their HRQL at the time of pre-test. As the then-test and posttest are administered at the same time, it is assumed that both measurements are completed with
the same frame of reference, thus avoiding response shift effects. Comparison of the post-test
and then-test scores would yield an unbiased indication of the treatment effect (‘true’ change,
see Table 1). Furthermore, differences between the then-test and pre-test scores could be used
as an assessment of changes in subjects’ frames of reference (response shift). The then-test
approach thus allows a decomposition of observed change (differences between pre-test and
post-test scores) into true change and response shift. However, these interpretations are only
valid when the following assumptions are met:
(1) Recall Assumption: At then-test occasion respondents are able to recall their state at pretest. The validity of the then-test depends on the underlying assumption that memory
(the recall of the pre-test state) is accurate and alternative cognitive explanations (e.g.
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social desirability, cognitive dissonance, implicit theory of change, expectancy or
experimenter effects) do not play a role.
(2) Consistency Assumption: Post- and then-test are completed with the same frame of
reference. A valid comparison of then-test and post-test scores depends on the underlying
assumption that the respondents’ frames of reference are invariant across these assessments.
(3) Recalibration Assumption: All response shift is of the recalibration type. As the
then-test approach aims to assess only recalibration – not reprioritization and
reconceptualization – the comparison of then-test and pre-test scores in assessing
response shift is only accurate if all response shift is of the recalibration type.
An alternative method to detecting response shift is the structural equation modeling (SEM)
approach (Oort, 2005). Similar to the then-test approach, the SEM-approach provides a way to
decompose observed change into true change and response shift (Oort, 2005, p. 495), based on
the estimates of the factor model parameters (see Table 1). An advantage of the SEM approach
is that it allows for the statistical comparison of separate components of the measurement model
over time, enabling operationalization of the different types of response shift.
Table 1 | Decomposition of observed change according to the then-test approach and the SEM approach
Then-test approach
Observed change = True change

+ Recalibration

( Xpost – Xpre)

+ ( Xthen – Xpre )

= (Xpost – Xthen )

SEM approach
Observed change = True change

+ Recalibration + Reprioritization & Reconceptualization

( μpost – μpre ) = Λpre* (κpost – κpre) + (τpost – τpre) + (Λpost – Λpre) * κpost
Notes: In the then-test approach scores for the different measurements are denoted with ‘X’ to reflect the observed
nature of the scores. In the SEM-approach Greek symbols reflect the parameter estimates of observed factor means (μ),
common factor loadings (Λ), common factor means (κ) and intercepts (τ).

The SEM approach can therefore be used not only as a technique for the detection of response shift,
but also for a substantive analysis of the decomposition of change. Moreover, the characteristics of
the SEM approach provide a unique opportunity to test the underlying assumptions of the then-test
approach. Incorporating the then-test into the SEM approach allows for testing the validity (and
consistency) of the measurement model for post- and then-test (Consistency Assumption) and
assessing not only the occurrence of recalibration, but also reprioritization and reconceptualization
(Recalibration Assumption). Moreover, recall bias can be investigated by examining effects on the
underlying constructs instead of the observed variables (Recall Assumption).
Therefore, the aim of this study is to illustrate how incorporation of the then-test into the
SEM approach enables: (1) a substantive comparison of both approaches in their decomposition
of observed change into true change and (types of ) response shift, and (2) testing the underlying
assumptions of the then-test approach.
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Method
Cancer patients’ health-related quality of life was assessed prior to surgery (pre-test) and three
months following surgery (post-test and then-test). These data have been used before to investigate
response shift with the then-test and the SEM approach (Visser, Oort, & Sprangers, 2005).
Patients
A consecutive series of 170 newly diagnosed cancer patients were enrolled, including 29 lung
cancer patients undergoing either lobectomy or pneumectomy, 43 pancreatic cancer patients
undergoing pylorus-preserving pancreaticoduodenectomy, 46 esophageal cancer patients
undergoing either transhiatal or transthoracic resection and 52 cervical cancer patients
undergoing hysterectomy. Exclusion criteria were being under the age of 18, having a life
expectancy less than 9 months, or not being able to complete a (Dutch) questionnaire. The
sample consisted of 87 men and 83 women, with ages ranging from 27 to 83 (mean 57.5,
standard deviation 14.1).
Measures
Generic health-related quality of life was assessed with the Dutch language version (Aaronson
et al., 1998) of the SF-36 health survey (Ware, Snow, Kosinski, & Gandek, 1993), encompassing
eight scales: physical functioning (PF), role limitations due to physical health (role-physical, RP),
bodily pain (BP), general health perceptions (GH), vitality (VT), social functioning (SF), role
limitations due to emotional problems (role-emotional, RE), and mental health (MH). Fatigue
(FT) was measured with a six-item short form of the multidimensional fatigue inventory (MFI;
Smets, Garssen, Bonke, & De Haes, 1995), to cover effects on patients’ fatigue more thoroughly.
For computational convenience the original scale scores of the SF-36 scales and the short form
of the MFI were transformed to scales ranging from 0 to 5, with higher scores indicating better
health. There were no missing data, as completion of the self-administered questionnaires was
checked by an interviewer.
Structural Equation Modeling
The SEM procedure (Oort, 2005) was applied to the data of pre-, post- and then-tests to detect
response shift and includes: (1) establishing an appropriate measurement model, (2) fitting a
model of no response shift, (3) detection of response shift, and (4) assessment of true change. The
measurement model was established on the basis of published results of principal components
analyses of the SF-36 (Ware et al., 1993), results of exploratory factor analyses of the present
data, and substantive considerations. The measurement model has no across measurement
constraints. To test for the occurrence of response shift the second step in the SEM procedure is
to fit a model of no response shift (where all model parameters that are associated with response
shift are constrained to be equal across measurements). To test for the presence of response shift,
26

Comparison of the then-test and structural equation modeling approach

the no response shift model is compared to the model with no across measurement constraints.
The third step in the SEM procedure begins with the no response shift model and uses stepby-step modification to arrive at the response shift model where all apparent response shifts
are accounted for. Response shift is operationalized as across-measurement differences between
patterns of common factor loadings (reconceptualization), values of common factor loadings
(reprioritization), differences between intercepts (uniform recalibration), and differences
between residual variances (nonuniform recalibration). In the fourth step of the SEM procedure,
true change is assessed in the model where response shift is accounted for.
Structural equation models were fitted to the means, variances and covariances of the SF-36
and MFI scale scores of pre-, post- an then-test, using standard statistical computer programs
( Jöreskog & Sorbom, 1996; Neale, Boker, Xie, & Maes, 1999) (LISREL provides modification
indices and Mx provides likelihood-based confidence intervals). To achieve identification of
all model parameters, scales and origins of the common factors were established by fixing the
factor means at zero and the factor variances at one. In Steps 2 and 3 of the procedure, only first
occasion (pre-test) factor means and variances are fixed; post-test and then-test factor means
and variances are then identified by constraining intercepts and common factor loadings to be
equal across assessments (Oort, 2005).
Goodness-of-fit was evaluated with the chis-square test of exact fit (CHISQ), where a
significant chi-square indicates a significant difference between data and model. However, in
the practice of structural equation modeling, exact fit is rare, and with large sample sizes the chisquare test generally turns out to be significant. An alternative measure of overall goodness-of-fit
is the root mean square error of approximation (RMSEA). According to a generally accepted
rule of thumb, an RMSEA value below .08 indicates ‘reasonable’ fit and one below .05 ‘close’
fit (Browne & Cudeck, 1992). In addition, the comparative fit index (CFI; Bentler, 1990) gives
an indication of model fit based on model comparison (compared to the independence model
in which all measured variables are uncorrelated), where CFI of .97 or higher is indicative of
good fit and CFI between .95 and .97 of acceptable fit. Yet another fit index is the expected
cross validation index (ECVI; Browne & Cudeck, 1989) which is a measure of the discrepancy
between the model-implied covariance matrix in the analyzed sample (‘calibration’ sample), and
the covariance matrix that would be expected in another sample of the same size (‘validation’
sample). The ECVI can be used to compare different models for the same data, where the model
with the smallest ECVI indicates the model with the best fit.
The chi-square difference test (CHISQdiff; Bollen, 1989) was used to compare the fit of
nested models, where a significant chi-square indicates that the addition of model parameters
significantly improves the model fit. Significant modification indices ( Jöreskog & Sorbom,
1996) and standardized residuals > .10 were assumed to indicate response shift. The specification
search was consistently guided by substantive consideration in order to retain a theoretical
sensible model. Each modification was tested with the CHISQdiff.
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Objective 1: Decomposition of Change
Equations in Table 1 give the decomposition of observed change into true change and response
shifts for both the then-test approach and the SEM approach. For the then-test approach
the standard deviations of the observed change scores are used to calculate standardized
mean differences (as effect size indices d) for the components of observed change. For the
SEM approach the parameter estimates of the final model (in which all response shifts are
accounted for) were used to calculate standardized mean differences (as effect size indices d)
for the components of observed change (Oort, 2005). Effect-size values of d = .2, .5 and .8 are
considered ‘small’, ‘medium’, and ‘large’ (Cohen, 1988).
Objective 2: Testing the Assumptions of the Then-Test Approach
The Recall Assumption can be tested by testing the equality of pre-test and then-test common
factor means because the common factor means of the response shift model should refer to the
same state (of pre-test). The Recall Assumption would be supported when the equality constraint
across pre- and then-test common factor means is tenable (indicated by the CHISQdiff).
The Consistency Assumption can be tested by imposing equality constraints across post- and
then-test common factor loadings (reconceptualization and reprioritization), intercepts (uniform
recalibration) and residual variances (nonuniform recalibration). When response shift detection
(using the CHISQdiff) is invariant across assessments, the Consistency Assumption is supported.
The Recalibration Assumption can be tested by examining recalibration, reprioritization
and reconceptualization types of response shift. When all response shifts detected (using the
CHISQdiff) are of the recalibration type, the Recalibration Assumption is supported.
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Results
Table 2 gives pre-, post- and then-test means and standard deviations for all SF-36 and MFI scales.
Table 2 | Means and standard deviations for SF-36 and MFI scales before surgery (pre-test) and three
months after surgery (post-test and then-test)
Pre-test

Post-test

Then-test

Scale

Mean

SD

Mean

SD

Mean

SD

PF

3.96

1.22

3.18

1.32

4.05

1.37

RP

2.73

2.09

2.13

2.02

2.99

2.14

BP

3.94

1.19

3.68

1.21

4.20

1.27

SF

3.81

1.32

3.62

1.47

3.72

1.32

MH

3.25

1.08

3.69

1.05

3.26

1.14

RE

3.00

2.12

3.55

1.93

2.84

2.13

VT

3.14

1.26

2.77

1.23

3.18

1.32

GH

2.96

0.95

2.96

1.06

2.76

1.08

FT

3.30

1.10

2.92

1.18

3.24

1.17

2

Notes: N = 170; SF-36 and MFI scale scores range from 0 to 5.

Measurement Model
Results from exploratory factor analyses and substantive considerations gave rise to the
measurement model in Figure 1 (see Oort, Visser, & Sprangers, 2005 for more information on
selection of this measurement model). The circles represent unobserved, latent variables and the
squares represent the observed variables. Three latent variables are the common factors general
physical health (GenPhys), general mental health (GenMent), and general fitness (GenFitn).
GenPhys is measured by PF, RP, BP and SF, GenMent is measured by MH, RE, and again SF,
and GenFitn is measured by VT, GH, and FT. Other latent variables are the residual factors
ResPF, ResRP, ResBP, etc. The residual factors represent all that is specific to PF, RP, BP, etc.,
plus random error variation. In addition, Figure 1 shows the response shift model, the model
in which all response shifts are accounted for (dotted lines represent common factor loadings
that were present at post- and/or then-test only). Numbers in Figure 1 are maximum likelihood
estimates of common factor loadings, common factor correlations, residual variances, and
three residual correlations (single values represent estimates that are constrained to be equal
across pre-, post- and then-test, whereas multiple values represent separate estimates for pre-test
(black), post-test (red), and then-test (blue)). Figure 2 gives a visual representation of the full
longitudinal model that was fitted to the data.
The measurement model of Figure 1 was the basis for a structural equation model for pre-,
post and then-test with no across measurement constraints. The chi-square test of exact fit
was significant (CHISQ(255) = 349.13, p<.001) but the RMSEA measure indicated close fit
(RMSEA = .041, see Table 3).
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Figure 1 | The measurement model used in response shift detection
Notes: Circles represent latent variables (common and residual factors) and squares represent observed variables (the
SF-36 and MFI scales). Numbers are maximum likelihood estimates of the response shift model parameters: common
factor loadings, common factor correlations, residual variances, and a residual correlations. Single values represent
estimates that were constrained to be equal across time, whereas multiple values represent different pre-test (black),
post-test (red) and then-test (blue) estimates.
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Dotted lines represent factor-loadings unique for post- or then-test assessment.

Notes: Circles represent latent variables (common and residual factors) and squares represent observed variables (the SF-36 and MFI scales).

Figure 2 | The longitudinal structural equation model fitted to the data
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Detection of Response Shift
To test for the occurrence of response shift, all model parameters that are associated with response
shift were held invariant across measurements. This means that all across measurement invariance
constraints on common factor loadings, intercepts, and residual variances were imposed. The fit
of the no response shift model, although still satisfactory (RMSEA = .049, see Table 3), was
significantly worse than the fit of model with no across measurement constraints (chi-square
difference test: CHISQdiff (44) = 99.26, p < .001), indicating the presence of response shift.
Inspection of modification indices and standardized residuals indicated which of the
equality constraints were not tenable. Step by step modifications yielded the response shift
model, which showed several cases of response shift, as will be explained below. The fit of the
response shift model was good (RMSEA = .035, see Table 3), and significantly better than the
fit of the no response shift model (CHISQdiff (8) = 74.12, p < .001). All estimates of the response
shift model parameters are given in Table 4.
Table 3 | Goodness of overall fit of models in the three-step response shift detection procedure
Model

Description

DF

CHISQ

RMSEA

ECVI

CFI

Model 1

Measurement
model (no across
measurement
constraints)

255

349.13

.041

3.39

.99

(.026; .053)

(3.14; 3.69)

No response shift
model

299

.049

3.73

(.037; .059)

(3.28; 3.92)

Response shift
model

291

.035

3.43

(.019; .048)

(3.01; 3.58)

Model 2
Model 3

448.39
374.27

.98
.99

Notes: N = 170; Numbers between parentheses represent 90% confidence intervals.

Evaluation of Response Shifts and True Change
Reconceptualization. A change in the pattern of common factor loadings across
assessments is indicative of reconceptualization. Comparison of the common factor
loadings of the pre-test with those of the post-test and then-test (Table 4, top rows) showed
that at both the post- and then-test GH became an indicator for GenMent, indicating
reconceptualization of GH. The VT scale became indicative of GenPhys at the then-test,
indicating reconceptualization of VT at the then-test only.
Reprioritization. The values of the common factor loadings contain information about
reprioritization. The common factor loading of SF on GenPhys became larger at the post-test,
indicating reprioritization of SF at the post-test only.
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Table 4 | Parameter estimates in the response shift model
Pre-test

Post-test

Then-test

GenPhys GenMent GenFitn GenPhys GenMent GenFitn GenPhys GenMent GenFitn
Common factor loadings (Λ)
PF

0.97

0.97

0.97

RP

1.46

1.46

1.46

BP

0.73

SF

0.39

0.73
0.61

0.59

0.73
0.59

0.39

0.59

MH

0.83

0.83

0.83

RE

1.33

1.33

1.33

VT

1.08

GH

0.49

FT

1.03

1.08
0.31

0.14

1.08
0.14

0.49

2

1.03

0.49
1.03

Intercepts (τ)
PF

RP

BP

SF

MH

RE

VT

GH

FT

Pre-test

3.90

2.74

3.93

3.75

3.26

2.91

3.14

2.96

3.26

Post-test

3.90

3.18

4.15

3.75

3.26

2.91

3.14

2.96

3.26

Then-test

3.90

2.74

4.15

3.75

3.26

2.91

3.14

2.76

3.26

Residual variance (Diag(Θ))
ResPF

ResRP

ResBP

ResSF

ResMH

ResRE

ResVT

ResGH

ResFT

Pre-test

0.65

1.74

0.83

0.93

0.49

2.39

0.37

0.66

0.18

Post-test

0.65

1.74

0.83

0.93

0.49

2.39

0.21

0.66

0.18

Then-test

0.65

1.74

0.83

0.93

0.49

2.39

0.21

0.66

0.18

Residual correlations (Θ *)
Pre x Post

0.28

0.13

0.35

0.05

0.43

0.00

0.27

0.32

0.15

Pre x Then

0.62

0.22

0.42

0.26

0.54

-0.06

0.26

0.27

-0.02

Post x Then 0.41

0.04

0.19

0.18

0.58

0.26

0.26

0.27

0.22

Common factor variances (Diag(Φ))
Pre-test

Post-test

Then-test

GenPhys GenMent GenFitn GenPhys GenMent GenFitn GenPhys GenMent GenFitn
1.00

1.00

1.23

0.86

1.13

1.33

1.19

1.08

Common factor correlations (Φ*)
Pre-test
Gen-Phys

1

Gen-Ment

0.36

1

Gen-Fitn

0.87

0.61
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Post-test
Gen-Phys

0.55

0.35

1

Gen-Ment

0.38

0.41

0.68

1

Gen-Fitn

0.47

0.43

0.88

0.74

1

Gen-Phys

0.82

0.37

0.41

0.25

0.32

1

Gen-Ment

0.40

0.59

0.20

0.32

0.18

0.50

1

Gen-Fitn

0.76

0.50

0.35

0.32

0.38

0.82

0.66

1

-0.73

0.51

-0.35

0.12

-0.04

-0.02

Then-test

Common factor means (κ)
0.00

0.00

Notes: N = 170; Results indicating across-measurement variance are printed in bold. Common factor loadings are
unstandardized, but covariances are decomposed into variances and correlations.

Recalibration. Intercepts and residual variances contain information about uniform and
nonuniform recalibration. For RP, we found differences between the pre- and post-test
intercepts, indicating uniform recalibration of RP at the post-test only. For GH, we found
differences between the pre- and then-test intercepts, indicating uniform recalibration of GH
at the then-test only. For BP, we found differences between the pre-test and both the post- and
then-test intercepts, indicating uniform calibration of BP that equally affects both the postand then-test. We also found a change in the variance of the residual factor ResVT, indicating
nonuniform recalibration of VT that affects both the post- and then-test equally.
True change. Common factor means were fixed at zero for the pre-test (because of identification
requirements), so that the post-test estimates serve as direct representations of true change. The
differences between the pre- and post-test common factor means were significant (p < .001) for
each of the common factors. GenPhys (-0.73) and GenFitn (-0.35) deteriorated, and GenMent
(+0.51) improved, with effect-sizes that can be considered ‘small’ to ‘medium’ (d = -0.72, -0.37,
and +0.48 respectively).
Objective 1: Comparison of Then-Test Approach and SEM Approach in the
Decomposition of Observed Change
The results of the decomposition of observed change for both the then-test approach and the
SEM approach are presented in Table 5.
Observed change. The results of the observed change indicate deteriorations that are
considered ‘small’ effects for RP, BP, VT and FT, deterioration that is considered a ‘medium’
effect on PF and improvements that are considered ‘small’ effects for MH and RE. The pattern
of observed change are found to be similar for both approaches, with only small differences in
the standardized mean differences.
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True change. Both the then-test approach and the SEM-approach also revealed a similar
pattern of change for true change, except for GH. While the observed change for GH was not
significant, both approaches revealed a significant true change for GH, albeit in the opposite
direction. The then-test approach showed significant improvement of GH, while the SEM
approach showed significant deterioration of GH.
Response shift. Both approaches revealed a significant positive response shift for BP,
indicating that the true change of BP is larger than the observed change in BP. Only the SEM
approach revealed a significant positive response shift for RP (resulting in a larger true change),
and a significant negative response shift for SF (resulting in a smaller true change), while for the
then-test approach these response shifts did not reach statistical significance. The response shifts
detected for GH are in the opposite direction, with a negative response shift for GH according
to the then-test approach and a positive response shift for GH according to the SEM approach,
where the latter reaches a higher level of significance.
Table 5 | The decomposition of observed change into true change and response shift (displayed as
standardized differences), for both the then-test approach and the SEM approach
Then-test approach

SEM approach

Scale

Observed
change

True
change

Response
shift a

Observed
change

True
change

Response
shift

PF

-0.59**

-0.66**

0.07

-0.51**

-0.51**

-

RP

-0.27**

-0.38**

0.12

-0.28**

-0.47**

0.19a**

BP

-0.20**

-0.40**

0.20**

-0.25**

-0.42**

0.17a**

SF

-0.11

-0.06

-0.05

-0.09

0.01

-0.10b*

MH

0.40**

0.39**

0.01

0.37**

0.37**

-

RE

0.21**

0.27**

-0.06

0.26**

0.26**

-

VT

-0.30**

-0.33**

0.03

-0.31**

-0.31**

-

GH

-0.00

0.18*

-0.18*

-0.01

-0.15**

0.14c**

FT

-0.35**

-0.30**

-0.05

-0.32**

-0.32**

-

Notes: N = 170; Standardized mean differences of 0.2, 0.5, and 0.8 indicate small, medium, and large differences
(Cohen, 1988); *p < 0.05, **p < 0.01 in paired t-test (then-test approach) or inspection of confidence intervals (SEM
approach); a = recalibration, b = reprioritization, c = reconceptualization.

Objective 2: Tenability of Assumptions Underlying the Then-Test Approach
Recall Assumption. Results indicate that the differences between pre-test and then-test
common factor means were non-significant (p > .05) for all common factors: GenPhys (0.12),
GenMent (-0.04), and GenFitn (-0.02).This indicates that the assumption that respondents are
able to recall their state at pre-test has been met for all SF-36 and MFI scales.
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Consistency Assumption. Results indicate that there are some parameters of the measurement
model that are not invariant across post- and then-test measures: uniform recalibration of RP
and reprioritization of SF on GenPhys affect only the post-test, while uniform calibration of
GH and reconceptualization of VT for Genphys affect only the then-test. Also, the common
factor loading of GH on GenMent differs between the post- and then-test. Therefore, the
second assumption is rejected for GH, RP, SF and VT.
Recalibration Assumption. Results show that indeed some response shifts of the recalibration
type were found (uniform recalibration of RP, BP and GH and nonuniform recalibration of
VT), but that reprioritization (of SF) and reconceptualization (of GH on GenMent and VT
on GenPhys) were also found. Therefore, the third assumption is rejected for GH, SF and VT.

Discussion
In this study a comparison was made between the then-test approach and the SEM approach in
the detection of response shift in HRQL data from cancer patients undergoing invasive surgery.
Results indicate that the decomposition of observed change is similar for both approaches, in
that the size of true change is equal except for the direction of change in GH. The assessment of
response shift differs somewhat, as only the SEM approach reveals response shifts for RP and SF,
and the response shift detected in GH reaches a higher level of significance (see Visser et al., 2005
for a substantive explanation of these differences). In a study by Ahmed, Mayo, Wood-Dauphinee,
Hanley, and Cohen (2005) the then-test approach was also compared to a method that also
uses SEM. They did not detect any response shift using the SEM technique, while the then-test
approach did reveal several response shifts. However, an explanation for this discrepancy could
be that the measurement model used in the study by Ahmed et al. was suboptimal (Borsboom,
Korfage, Essink-Bot, & Duivenvoorden, 2007) and that their SEM method is not as sensitive in
detecting response shift effects as our SEM approach (Ahmed, Bourbeau, Maltais, & Mansour,
2009). In the present study, we showed that it is possible to use the SEM approach to make a
substantive comparison between different methodologies for the detection of response shift by
looking at the decomposition of observed change into true change and response shifts.
The second objective of this study was to test the underlying assumptions of the then-test
approach. Our results supported the Recall Assumption for all scales (indicating no evidence
of recall bias or alternative cognitive explanations), but failed to support the assumption that
frames of reference are invariant across post-and then-test (Consistency Assumption rejected
for four scales), and indicated that not all response shifts found were of the recalibration type
(Recalibration Assumption rejected for three scales). These results are in line with a study
of Nolte, Elsworth, Sinclair, and Osborne (2009) who applied SEM to assess psychometric
properties of the then-test (using the health education impact questionnaire (heiQ)). They
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tested measurement invariance for the pre- and post-test factor model and then- and post-test
factor model. They found different types of response shift for the post- and the then-test, thus
rejecting the Consistency Assumption for several scales, and concluded that the application
of the then-test is not supported. Although their SEM approach used two models to test the
underlying assumptions of the then-test approach, whereas our SEM approach consisted of a
single combined model, both studies are illustrative of how the then-test can be incorporated
into the SEM approach so that the underlying assumptions of the then-test approach can be
evaluated. Testing the underlying assumptions of the then-test approach through SEM is useful
for determining the validity of the then-test approach in assessing changes in HRQL.
If we combine our findings, we can assess the consequences of rejection of the assumptions
underlying the then-test approach for the decomposition of observed change. For example, the
rejection of the Recalibration Assumption (required for a valid assessment of response shift)
for GH and SF coincides with a difference in assessment of response shift between the thentest approach and the SEM approach for these scales. Also, the rejection of the Consistency
Assumption (required for a valid assessment of true change) for GH goes together with a
difference in the assessment of true change between approaches, in that the then-test approach
reveals a change in the opposite direction compared to the change detected in the SEMapproach. However, the rejections of the Consistency Assumption for RP and SF do not seem
to affect the assessment of true change and rejection of assumptions for VT was inconsequential
for the decomposition of observed change. Concluding, the rejection of underlying assumptions
is reflected in the decomposition of observed change, but the pattern is not fully consistent.
The then-test approach and SEM approach use different methods for the detection of
response shift. An advantage of the then-test approach is the relatively simple analysis for
detecting response shift (e.g. t-tests). However, a valid assessment of change depends on the
tenability of the Recall-, Recalibration-, and Consistency Assumptions. Also, the then-test
approach requires an additional assessment, which can be an extra burden to patients. Using the
SEM approach, there is no need for an additional assessment and a valid assessment of change
does not depend on the tenability of the Recall-, Recalibration-, and Consistency Assumptions.
However, the statistical analysis for the detection of response shift is relatively complicated.
Moreover, decisions on which parameters are freed (e.g., which variable shows which type of
response shift) are guided not only by statistical procedures or thresholds, but also by substantive
considerations. This is necessary because relying on statistics alone could lead to freeing
parameters that might not be theoretical sensible (e.g., an observed variable at post-test that
is an indicator of a latent variable at pre-test). Consequently, this decision involves a subjective
judgment of the researcher. For example, it could be that freeing the common factor loading of
either one of two indicators of a latent variable yields the same result, and renders freeing the
other common factor loading unnecessary. This means that the researchers has to decide which
of those common factor loadings would be justified to free. The advantage is that response shift
detection in the SEM approach is not only statistically but also theoretically driven, and will
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therefore lead to more logical and probable models. A disadvantage is that results depend –
partly – on these subjective decisions; others may make different choices. Therefore, it should be
noted that it was not the objective of this study to draw substantive (clinical) conclusions about
the response shifts found. The results in this study serve for illustrative purposes only.
In conclusion, incorporating the then-test into the SEM-approach: (1) allows for a comparison
of the then-test approach and the SEM approach in their decomposition of observed change, (2)
provides the possibility to test the underlying assumptions of the then-test approach, and (3)
gives an idea of the consequences of rejection of underlying assumptions on the decomposition
of observed change. To be able to draw valid conclusions in the assessment of HRQL, we need
to be aware of the limitations of HRQL measurement. Quantifying the existence and size of
response shifts and true change will help to better understand the observed change of HRQL.
Future research should focus not only on validating the measurements of HRQL, but also on
investigating the (clinical) consequences of violating the validity of change assessments.
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CHAPTER 3
The Analysis of Multivariate Longitudinal Data: An Instructive
Application of the Longitudinal Three-Mode Model

Structural equation modeling is a common technique to assess change in longitudinal
designs with a limited number of measurement occasions (e.g., two or three). However,
these models can become of unmanageable size with many more measurement occasions.
One solution is the imposition of Kronecker product restrictions to model the multivariate
longitudinal structure of the data. The resulting longitudinal three-mode models (L3MMs)
are very parsimonious and have attractive interpretation. In this study, L3MMs were
applied to health-related quality of life (HRQL) data obtained from 682 patients with
painful bone metastasis, with 8 measurements at 13 occasions (104 variables); before and
every week after treatment with radiotherapy. Using the Kronecker product restrictions
we will illustrate (1) how to model the multivariate longitudinal structure of the data,
(2) how to interpret L3MM parameters, and (3) how to test substantive hypotheses.
Compared to the ordinary common factor model with 1270 parameter estimates, the
L3MM restrictions lead to more parsimonious models (with a total number of parameter
estimates between 1118 and 132) that provide a close fit to the longitudinal HRQL data.
Results indicated that patients’ functional limitations increased over time, while their
health impairments decreased. In addition, the change patterns suggest that patients
became more homogenous in their answers to the questionnaires. We conclude that the
L3MM provides a convenient model for multivariate longitudinal data, as it not only
facilitates the analysis of complex longitudinal data but also the substantive interpretation
of the dynamics of change.

This chapter is based on: Verdam, M. G. E., & Oort, F. J. (2015). The analysis of multivariate
longitudinal data: An instructive explanation of the longitudinal three-mode model.
Manuscript submitted for publication.
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Introduction
Longitudinal studies in the life-sciences involve multiple observations at multiple measurement
occasions, yielding multivariate longitudinal data sets. Structural equation modeling (SEM)
offers a general and versatile framework for the analysis of such data. Compared to usual
regression methods, SEM allows for the use of latent variables and measurement error of
observed variables, and provides tests for overall goodness of fit, and for specific hypotheses
about relationships between variables and longitudinal developments. The longitudinal factor
model (LFM; Tisak & Meredith, 1990; Oort, 2001) may include multiple latent variables,
with multiple indicators from multiple measurement occasions, and thus enables investigation
of complex longitudinal relations. However, the LFM becomes progressively large and
unmanageable when the number of measurement occasions increases. For example, when the
data-structure consists of 9 indicators of 3 common factors (e.g., studying the development of
three different social or behavioral constructs), the LFM requires estimation of 78 parameters
when it includes 2 measurement occasions, 228 parameters when it includes 4 measurement
occasions, and 450 parameters when it includes 6 measurement occasions (see Appendix 3A for
the calculation of the numbers of parameters). Estimation of model parameters may be difficult
with such large models. Also, it has been argued that the trustworthiness of results decreases
when the number of parameter estimates increases in relation to the sample size (Bentler &
Chou, 1978; Jackson, 2003; Kline, 2011). Moreover, it becomes more difficult to arrive at a
meaningful interpretation of findings when the number of model parameters is larger. For the
interpretation of relations between the common factors from 2, 4 or 6 measurement occasions
in the situation above, the LFM provides 15, 66 or 153 correlation estimates respectively
(see Appendix 3A). Such large numbers of parameter estimates complicate a meaningful
interpretation of change in the relationships between common factors across time.
The increasing complexity of multivariate longitudinal models with multiple measurement
occasions can be reduced by imposing additional restrictions on model parameters. The
longitudinal three-mode model (L3MM; Oort, 2001) imposes so-called Kronecker product
restrictions on model parameters to describe the three-mode structure of the data. The three
modes refer to the subjects, the measurement occasions and the variables. The Kronecker product
is an operation that can be applied to two matrices A and B of arbitrary size, and results in a block
matrix that contains the matrices B pre-multiplied by each element of A (see Appendix 3B).
With Kronecker products, relationships between all variables from all measurement occasions
are decomposed into parameters that describe the relationships between variables that apply to
all measurement occasions, and parameters that describe the relationships between measurement
occasions that apply to all variables. Using this multiplicative decomposition, the L3MM describes
all relationships between all variables from all measurement occasions, but requires only the
estimation of a much smaller number of parameters. In the example described above, imposition
of Kronecker-product restrictions on the relations between the common factors would require
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only 6, 13 or 24 estimates for the interpretation of 15, 66, or 153 correlations between common
factors from 2, 4 or 6 measurement occasions respectively. The L3MM thus substantially reduces
the number of parameter estimates (i.e., leading to more parsimonious model), especially with
larger numbers of measurement occasions. In addition, the substantive interpretation of change
in the relations between common factors is facilitated as the L3MM yields separate estimates
for the relationships between (observed and latent) variables and the relationships between the
measurement occasions (i.e., the change in the relationships between the variables over time).
The aim of the present paper is to provide an instructive application of L3MMs. We will apply
the L3MM to health-related quality of life (HRQL) data obtained from 682 patients with painful
bone metastasis, with 8 measurements at 13 occasions (104 variables); before and every week after
treatment with radiotherapy. Part of these data have been analyzed before using simple repeated
measures analyses to compare the development of HRQL between two different treatment
regimens (Steenland et al., 1999), or using between group analyses to compare scores from only
one specific measurement occasion (van der Linden et al., 2004). A comprehensive analysis of
the multivariate longitudinal development of HRQL is possible through SEM, by imposing
Kronecker product restrictions. Using the example of bone metastases we will illustrate (1) how to
take into account the multivariate longitudinal structure of the data, (2) how to interpret L3MM
parameters, and (3) how to test substantive hypotheses.

Method
Sample
The sample in the current study is a subset from the sample from the Dutch Bone Metastasis
Study (DBMS; Steenland et al., 1999; van der Linden et al., 2004; van der Linden et al., 2006).
In the DBMS, a total of 1157 patients (533 women) with painful bone metastases from a solid
tumor were enrolled from 17 radiotherapy institutes in The Netherlands. Purpose of the study
was to prove the equal effectiveness of single fraction versus multiple fraction radiation therapy for
patients with painful bone metastases; endpoint of the study was response to pain. The Medical
Ethics Committees of all participating institutions approved the study and all patients gave
their informed consent. For the present study only patients who survived at least 13 weeks were
included, which resulted in a total sample size of 682 patients (354 women). Patients’ primary
tumor was either breast cancer (n=321), prostate cancer (n=181), lung cancer (n=106), or other
(n=74). Ages ranged from 33 to 90, with a mean of 64.2 (standard deviation 11.5).
Measures
Health-related quality of life questionnaires were administered before treatment (T0), and
during the first 12 weeks of follow-up, patients completed weekly HRQL questionnaires by
mail (T1 through T12). Eight health-indicators were computed using the available data (for
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more information, see Verdam, Oort, van der Linden & Sprangers, 2015), and were modeled to
be reflective of two common factors: functional limitations and health impairments (see Figure
1). The squares represent observed variables (scale scores), the circles on the top represent the
common factors, and the circles on the bottom represent residual factors. Functional limitations
are measured by three observed variables, health impairments are measured by six observed
variables, with one observed variable in common.
Statistical Analyses
The program OpenMx (Boker et al., 2011) was used to run the statistical analyses. OpenMx
is free and open source software for use within R that allows estimation of a wide variety of
advanced multivariate statistical models. It was used because it allows for an operation of the
structural equation model using matrix specifications, and therefore the Kronecker product
restrictions can be easily applied. Syntaxes of all analyses that are reported in this paper are
provided as online supplementary material.1
Evaluation of Goodness-of-Fit
To evaluate goodness-of-fit the chi-square test of exact fit (CHISQ) was used, where a significant
chi-square indicates a significant difference between model and data. As an alternative, the root
mean square error of approximation (RMSEA; Steiger & Lind, 1980; Steiger, 1990) was used as a
measure of approximate fit, where an RMSEA value below .05 indicates ‘close’ approximate fit, and
values below .08 indicate ‘reasonable’ approximate fit (Browne & Cudeck, 1992). Additionally,
the expected cross-validation index (ECVI; Browne & Cudeck, 1989) can be used to compare
different models for the same data, where the model with the smallest ECVI indicates the model
with the best fit. For both the RMSEA and ECVI 95% confidence intervals were calculated using
the program NIESEM (Dudgeon, 2003). We also calculated the Comparative Fit Index (CFI;
Bentler, 1990), where the model of interest is compared to the independence model, i.e., a model
where all covariances in Σ are assumed zero. The CFI ranges from zero to one, and as a general
rule of thumb values above 0.95 are indicative of relatively ‘good’ model fit (Hu & Bentler, 1999).
With different tests and indices to evaluate model fit, providing decision rules on whether
the fit of a model is ‘good’ is complicated by the fact that one might find inconsistent results
(e.g., a significant exact chi-square test, but close approximate fit according to the RMSEA).
The researcher then has to make a decision on which fit index is most appropriate for the data
and hypotheses under study. For example, although the chi-square test of exact fit is the most
commonly used, it is also generally acknowledged that it tends to become significant in larger
samples and favors highly parameterized models. Indices of approximate fit are less dependent
on sample size and reward model parsimony, but they usually do not provide a test of model fit.
In our example of bone metastasis the sample size is large and the model has many degrees of
freedom. This might cause the chi-square test of exact fit to have high power to detect small, but
1

Syntaxes can be retrieved from the first authors’ Open Science Framework page at osf.io/kzyvh
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Figure 1 | The measurement model
Notes: Circles represent latent variables (common and residual factors) and squares represent observed variables (the
scale scores). FUNC = functional limitations, HEALTH = health impairments, PF = physical functioning, MB =
mobility, SF = social functioning, DP = depression, LS = listlessness, PA = pain, SI = sickness, SY = treatment related
symptoms, and Res. = Residual factors.

trivial, differences between model and data. Therefore, in this paper we will base our evaluation
of overall model fit on indices of approximate fit and will substantiate decisions on model fit
evaluation in case of inconsistent results. A more extensive discussion about model fit evaluation
is provided in the discussion paragraph at the end of this paper.
Evaluation of Differences in Model Fit
To evaluate differences between hierarchically related models the chi-square difference test
(CHISQdiff) can be used, where a significant chi-square indicates a significant difference in
model-fit. The ECVI difference (ECVIdiff) can be used to test equivalence in approximate model
fit, where a value that is significantly larger than zero indicates that the more restricted model
has significantly worse approximate fit. In addition, it has been proposed that the difference
between CFI values (CFIdiff) can be used to evaluate measurement invariance and more generally,
the difference in model fit between two nested models (Cheung & Rensvold, 2002). As a rule of
thumb CFIdiff values larger than 0.01 are taken to indicate that the more restricted model should
be rejected. As confidence intervals are not available for CFI values, the CFIdiff cannot be used
to test whether the difference in model fit is significant.
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Evaluation of differences in model fit is complicated for similar reasons as described above.
When comparing different models for the same data, one has to decide on the trade-off between
a deterioration of model fit and a gain in model parsimony. Such decisions should be guided
by the evaluation of differences in model fit, but depend also on the substantive considerations
with regards to interpretation of the model or model parameters. For example, the imposition
of Kronecker product restrictions to take into account the multivariate longitudinal structure of
the data generally leads to a large gain in model parsimony. When one considers the assumption
of the multivariate structure of the data to be reasonable, one might not want to have too much
power to detect small, but trivial, differences between model and data. However, when testing
specific substantive hypotheses one might consider high power to detect small differences to
be beneficial. In this paper we will report results of all tests for differences in model fit that are
explained above and will provide a rationale for the decision that is being made.

The Longitudinal Three-Mode Model (L3MM)
In order to facilitate interpretation of the longitudinal three-mode model (L3MM) we build
upon the longitudinal factor model (LFM) to explain the imposition of Kronecker product
restrictions one step at a time. In addition, we use the example of bone metastases data to explain
how the imposition of Kronecker product restrictions increases model parsimony and facilitates
interpretation of parameters. Using an integration of both general model formulations and the
data example we aim to optimize the explanation of L3MMs.
The Longitudinal Factor Model
To explain how the L3MM can be used to model the multivariate longitudinal structure of the data,
we will first describe the LFM and show how Kronecker product restrictions can be applied to yield
the L3MM. In our example of bone metastases data, eight health-indicators (K = 8) are measured
at 13 consecutive measurement occasions (J = 13), resulting in a total of 104 variables (JK = 104).
The eight health-indicators are modeled to be reflective of two common factors (R = 2), so that the
total number of common factors in the longitudinal model is 26 (JR = 26). Following the LFM, the
means and covariances of the observed variables in our example are given by:
E(x) = μ = τ + Λ κ ,

(1)

Cov(x,x’) = Σ = Λ Φ Λ’ + Θ,

(2)

and:
where τ is a JK-vector of intercepts (of dimensions 104 x 1, containing 104 parameters that are
free to be estimated), Λ is a JK × JR matrix of common factor loadings (of dimensions 104 x 26,
in this case containing 117 parameters that are free to be estimated), κ is a JR-vector of common
factor means (of dimensions 26 x 1, containing 26 parameters), Φ is a JR × JR symmetric
matrix containing the variances and covariances of the common factors (of dimensions 26 x 26,
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containing 351 non-redundant parameters), and Θ is a JK × JK symmetric matrix containing
the variances and covariances of the residual factors (of dimensions 104 x 104, containing 728
parameters). To achieve identification of all model parameters, scales and origins of the common
factors can be established by fixing the common factor means at zero and the common factor
variances at one (leaving no free parameters in κ and 325 free parameters in Φ).
Imposition of Kronecker Product Restrictions
The L3MM can be described by restrictions on the parameter matrices that feature in the mean
and covariance structures of the longitudinal factor model. We will explain these restrictions on
each of the parameter matrices, and how further restrictions can be imposed to test substantive
hypotheses. Specifically, we will explain the imposition of Kronecker product restrictions on (1)
factor loadings and intercepts (Λ and τ) to comply with longitudinal measurement invariance;
(2) residual factor variances and covariances (Θ), and additional restrictions to test equality
of variances, correlations and covariances across occasions; (3) common factor variances and
covariances (Φ), and additional restrictions to test equality of variances, correlations and
covariances across occasions; (4) common factor means (κ), and additional restrictions to test
a linear trend of common factor means; and (5) we will explain more restrictive longitudinal
structures such as the autoregressive model and latent curve model. The order of the imposition
of Kronecker product restrictions was chosen because the Λ and τ restrictions (1) are the most
logical starting point from the researchers perspective, as longitudinal measurement invariance is
required for the comparison of common factors means, the Θ and Φ restrictions (2, 3) are most
effective in increasing model parsimony and facilitating parameter interpretation, while the κ
and other restrictions (4, 5) can be used to test specific hypotheses regarding the common factor
means while profiting from the model parsimony yielded by the earlier restrictions.
Step 1: Longitudinal Measurement Invariance. With longitudinal data, the structure of
matrix Λ is a block diagonal matrix containing matrices of factor loadings of each measurement
occasions on the diagonal (Λ1, Λ2, …, Λj, …, ΛJ; see Table 1), where each of the Λj is a K x R matrix
containing the factor loadings of occasion j. Vector τ consists of stacked vectors of intercepts
from all measurement occasions (τ1, τ2, …, τj, …, τJ; see Table 1), where each of the τj is K x 1. To
test substantive hypotheses about the common factors, it is required that the meaning of these
factors is the same across occasions. The requirement of longitudinal measurement invariance
entails that the common factor loadings (Λj) and the intercepts (τj) are invariant across occasions
(i.e., Λj = Λ0, and τj = τ0 for all j). The usual longitudinal measurement invariance restrictions,
that is, equality restrictions on factor loadings and intercepts across time, can be written as a
Kronecker product constraint:
Λ = I ⊗ Λ0 ,

(3)

τ = u ⊗ τ0 ,

(4)
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where Λ0 is a K x R matrix of invariant common factor loadings, τ0 is a K x 1 vector of invariant
intercepts, I is a J x J identity matrix, u is a J x 1 vector of ones, and the symbol ⊗ denotes the
Kronecker product (see Table 1). The Kronecker product operations in equations (3) and (4)
impose the restriction that factor loadings Λ0 and intercepts τ0 apply to all measurement occasions.
Table 1 | Imposition of measurement invariance restrictions on factor loadings and intercepts using the
Kronecker product
Factor loadings (Λ), assuming Λj = Λ0, for all j
Λ(JKxJR)

I(JxJ)

Λ0(KxR)

104 x 26

13 x 13

8 x2

Λ1(KxR)
Λ2

1
1
Λ3

=

1

…

⊗
…

ΛJ

1

λ11
λ21
λ31

λ32
λ42
λ52
λ62
λ72
λ82

Intercepts (τ), assuming τj = τ0 for all j
τ(JKx1)

u(Jx1)

τ0(Kx1)

104 x 1

13 x 1

8x1

1
1
1
…
1

τ1
τ2
τ3
τ4
τ5
τ6
τ7
τ8

τ1(Kx1)
τ2
τ3
…
τJ

=

⊗

Notes: Λ0 and τ0 contain invariant factor loadings and intercepts of one measurement occasion that are applicable to all
measurement occasions, I and u are an identity matrix and unity vector with dimensions equal to the number of measurement
occasions, and the symbol ⊗ denotes the Kronecker product.

Step 2: Residual Factor Variances and Covariances. Matrix Θ is a symmetric JK x JK
matrix, consisting of K x K Θjj’ matrices that contain the covariances of the residual factors on
occasion j with the residual factors on occasion j’. Residual factors do not correlate with other
residual factors, but are allowed to correlate with the same residual factors across occasions.
Thus, all Θjj’ matrices are diagonal. In our example, the complete Θ matrix has dimensions 104 x
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104 and contains 728 free parameters, thus adding a large number of parameters to the model.
Imposition of the Kronecker product restriction entails:
Θ = ΘT ⊗ ΘV ,

(5)

where the full JK x JK matrix (Θ) is decomposed into two smaller matrices that describe
the relations between the measurement occasions (ΘT; a symmetric matrix of dimensions J
x J) and the variances of the residual factors (ΘV is a diagonal matrix of dimensions K x K,
containing within occasion correlations between residual factors). The subscripts ‘T’ and ‘V’
refer to ‘time’ and ‘variable’. Instead of estimating all 728 parameters of Θ, we now estimate the
parameters of ΘT (of dimensions 13 x 13, containing 91 non-redundant free parameters) and
ΘV (of dimensions 8 x 8, containing 8 free parameters; see Table 2). To achieve identification
at least one parameter of ΘT or ΘV needs to be fixed at a non-zero value. We choose to fix the
first element of ΘT to unity, which is a convenient choice for the interpretation of parameter
estimates. Matrix ΘV then contains the residual factor variances at the first measurement
occasion, and ΘT contains coefficients of proportionate change. Imposing the Kronecker
product restriction implies that the changes in variances and covariances of the residual factors
across occasions are proportionate for all residual factors. In our example of bone metastases,
it may be reasonable to assume that the residual variances of the observed indicators are either
invariant or change proportionately over time (e.g., patients may show more or less variability
and co-variability over time, where this change is proportionally equal for all observed variables).
To further facilitate interpretation of parameter estimates it is convenient to use a
reparameterization that decomposes the residual factor variances and covariances of Θ into
correlations Θ* and standard deviations Δ:
Θ = ΔΘ*Δ ,

(6)

where Δ is a JK x JK diagonal matrix containing the standard deviations of the residual factors,
and diag(Θ*) = I, so that the off-diagonal elements of Θ* contain the correlations between
the residual factors. This, in turn, enables the imposition of Kronecker product restrictions on
residual factor correlations, using:
Θ* = ΘT* ⊗ ΘV*,

(7)

where the full correlation matrix (Θ*) is decomposed into two smaller matrices that describe the
correlations between the measurement occasions (ΘT*) and the correlations between residual
factors (ΘV*). As residual factors do not correlate with other residual factors, ΘV* = I. Instead
of estimating 624 parameters of Θ*, we now only estimate the 78 parameters of ΘT* (see Table
2). The reparameterization therefore allows investigation of the Kronecker product restrictions
on residual factor correlations, while allowing each residual factor to have a unique standard
deviation. In our example of bone metastases, it may be reasonable to assume that the relations
between the residual factors are either invariant or change proportionately over time.
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In addition, Kronecker product restrictions can be imposed on the standard deviations of
the residual factors, using:
Δ = ΔT ⊗ ΔV ,

(8)

where ΔT is a J x J diagonal matrix that describes the proportionate change in standard deviations
across occasions (of dimensions 13 x 13, containing 13 parameters, with the first parameter fixed at
unity for the purpose of identification), and ΔV is a diagonal K x K matrix that contains the standard
deviations of the residual factors at the first occasion (of dimensions 8 x 8, containing 8 parameters;
see Table 2). Imposition of Kronecker product restrictions on both Θ* and Δ is equivalent to the
imposition of the Kronecker product restriction directly on Θ (as in Equation 5).
Substantive hypotheses. Further restrictions enable hypothesis tests about the equality of
residual factor correlations, variances, and covariances. In our example of bone metastases it
may be of interest to test whether the variances of the residual factors are invariant across time.
Equality of residual factor correlations of the same lag is investigated by imposing a banded
structure on ΘT* in Equation 7 so that all elements of the same diagonal are equal. This
restriction implies that correlations between residual factors at the first occasion and residual
factors at the second occasion are equal to correlations between residual factors at the second
and third occasion, and so on.
Equality of residual factor standard deviations is investigated by imposing:
Δ = I ⊗ Δ0 ,

(9)

where I is a J x J identity matrix and Δ0 contains the invariant standard deviations of the residual
factors of one measurement occasion that are applicable to all measurement occasions.
Equality of residual factor covariances across occasions of the same lag is tested by imposing
both restrictions described above. This is equivalent to the imposition of the Kronecker product
to Θ (as in Equation 5), where the banded structure is imposed on ΘT .
Step 3: Common Factor Variances and Covariances. The procedure of imposing
Kronecker product restrictions on the matrix of common factor variances and covariances is
largely similar to the procedure for imposing Kronecker product restrictions on the matrix of
residual factor variances and covariances described above.
Matrix Φ is a JR x JR symmetric matrix, consisting of R x R Φjj’ matrices that contain the
covariances of the common factors at occasion j with the common factors at occasion j’. In our
example of bone metastases data (with J = 13 and R = 2) the complete Φ matrix is of dimensions
26 x 26 containing 351 parameters. Imposition of the Kronecker product restriction implies
that the change in relations between the common factors across occasions is proportionate for
all common factors:
Φ = Φ T ⊗ ΦV ,
(10)
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Table 2 | Imposition of Kronecker product restrictions on residual factor variances and covariances
Residual factor variances and covariances (Θ)
Θ(JKxJK)

ΘT(JxJ)

ΘV(KxK)

104 x 104

13 x 13

8x8

Θ11(KxK)

θT11

Θ21

Θ22

…

…

…

ΘJ1

ΘJ2

…

=
ΘJJ

θV11

θT21

θT22

…

…

…

θTJ1

θTJ2

…

θV22

⊗

…
θTJJ

θVKK

Residual factor correlations (Θ*)
ΘT*(JxJ)

Θ*(JKxJK)
104 x 104

ΘV*(KxK)

13 x 13

I(KxK)
Θ*21

I

…

…

…

Θ*J1

Θ*J2

…

=
I

3

8x8

1
θ*T21

1
1

…

…

…

θ*TJ1

θ*TJ2

…

1

⊗

…
1

1

Residual factor standard deviations (Δ)
ΔT(JxJ)

Δ(JKxJK)
104 x 104

ΔV(KxK)

13 x 13

Δ1(KxK)

8x8

dT11
Δ2

=
…

dV11
⊗

dT22
…

ΔJ

dV22
…

dTJJ

dVJJ

Notes: Residual factor covariances (Θ), correlations (Θ*) and standard deviations (Δ) are decomposed using the
Kronecker product (⊗), where ΘT, ΘT* and ΔT represent relationships between measurement occasions of residual factor
covariances, correlations and standard deviations; and ΘV, ΘV* and ΔV represent residual factor variances, correlations
and standard deviations of one measurement occasion.

where ΦT is a J x J symmetric matrix that describes the relationships between the measurement
occasions (of dimensions 13 × 13, containing 91 parameters), and ΦV is a R x R symmetric
matrix that describes the relationships between the variables (of dimensions 2 x 2, containing
3 parameters). Thus, imposition of the Kronecker product restriction requires estimation of 94
parameters to compute all 351 parameters of Φ (see Table 3). For the purpose of identification,
the first element of ΦT is fixed at unity so that ΦV contains the common factor variances and
covariances at the first measurement occasion, and ΦT contains coefficients of proportionate
change. In our example of bone metastasis, it could be interesting to test whether the change in
the variances and covariance of the underlying factors is proportionate over time.
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Table 3 | Imposition of Kronecker product restrictions on common factor variances and covariances
Common factor variances and covariances (Φ)
ΦT(JxJ)

Φ(JRxJR)
26 x 26

Φ11(RxR)
Φ21 Φ22
…
…
ΦJ1 ΦJ2

ΦV(RxR)

13 x 13

φT11
φT21
…
φTJ1

=
…
…

ΦJJ

φT22
…
φTJ2

2x2

⊗
…
…

φV11
φV21

φV22

φTJJ

Common factor correlations (Φ*)
ΦT*(JxJ)

Φ*(JRxJR)
26 x 26

Φ*11(RxR)
Φ*21 Φ*22
…
…
Φ*J1 Φ*J2

ΦV*(RxR)

13 x 13

1
φ*T21
…
φ*TJ1

=
…
…

Φ*JJ

1
…
φ*TJ2

2x2

⊗
…
…

1
φ*V21

1

1

Common factor standard deviations (Γ)
Γ(JRxJR)

ΓT(JxJ)

26 x 26

13 x 13

Γ1(RxR)

ΓV(RxR)
2x2

gT11
Γ2

=

gV11
⊗

gT22

…

gV22

…
ΓJ

gTJJ

Notes: Common factor covariances (Φ), correlations (Φ*) and standard deviations (Γ) are decomposed using the
Kronecker product (⊗), where ΦT, ΦT* and ΓT represent relationships between measurement occasions of common
factor covariances, correlations and standard deviations; and Φ V, ΦV* and ΓV represent common factor variances,
correlations and standard deviations of one measurement occasion.

In addition, it is convenient to use the following reparameterization:
Φ = Γ Φ* Γ,

(11)

where Γ is a JR x JR diagonal matrix containing the standard deviations of the common factors,
and diag(Φ*) = I so that all off-diagonal elements of Φ* are correlations between the common
factors. This, in turn, allows for imposition of the Kronecker product restriction on the correlations
between common factors (Φ*) and the common factor standard deviations (Γ) separately:
Φ* = ΦT* ⊗ ΦV*,
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and:
Γ = ΓT ⊗ ΓV ,

(13)

where ΦT*contains the correlations between measurement occasions, ΦV* contains the correlations
between common factors irrespective of the measurement occasions, ΓT contains coefficients
of proportionate change in standard deviations across occasions (where the first element of ΓT to
unity for identification), and ΓV contains the standard deviations of the common factors at the
first measurement occasion (see Table 3). Imposition of Kronecker product restrictions on both
Φ* and Γ is equivalent to the imposition of the Kronecker product restriction directly to Φ.
Substantive hypotheses. Equality of common factor variances, correlations and covariances
across occasions can be tested by further restricting the L3MM matrices. In our example of
bone metastases it could be of interest to test whether the variances of functional limitations
and health impairments are invariant across time (i.e., equality of common factor variances), or
whether the relationship between functional limitations and health impairments is invariant
across time (i.e., equality of common factor correlation across time).
The hypothesis of equal common factor correlations across occasions of the same lag is investigated
by imposing a banded structure on ΦT* in Equation 12 so that all elements of the same diagonal are
equal. Because ΦV* is a symmetric matrix, this restriction entails that both the correlations between
the common factors of one measurement occasion are equal across occasions, and that correlations
between common factors at the first and second measurement occasions are equal to correlations
between common factors at the second and third measurement occasions, and so on.
The hypothesis of equality of common factor variances across occasions is investigated by
imposing:
Γ = I ⊗ Γ0 ,

(14)

where I is a J x J identity matrix and Γ0 is a R x R matrix that contains the invariant standard
deviations of the common factors of one measurement occasions that apply to all measurement
occasions. Equality of common factor covariances across occasions of the same lag is tested by
imposing both restrictions described above, which is equivalent to imposing a banded structure
directly on ΦT in Equation 10.
Step 4: Common Factor Means. The JR x 1 vector κ consists of stacked R x 1 κj vectors,
containing the common factor means of occasion j. Instead of estimating all common factor
means in κ (in our example of bone metastases data, 26 parameter estimates), the imposition of
the Kronecker product restriction requires only estimation of κT and κV:
κ = κ T ⊗ κV ,

(15)

where κT is J x 1 vector that contains coefficients of proportionate change in common factor
means across occasions (with dimension 13 × 1, containing 13 parameters; where the first
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element is fixed at unity for identification requirements) and κV is a R x 1 vector that contains
the common factor means at the first measurement occasion (with dimensions 2 x 1, containing
2 parameters) (see Table 4).
Substantive hypotheses. To test and facilitate interpretation of (possible) changes in common
factor means across time, we may impose various restrictions on κ. For example, to test for linear
development of common factor means, we can impose:
κ = u ⊗ a + t ⊗ b,

(16)

where u is a J x 1 unity vector, a is a K x 1 vector of intercepts, t is a J x 1 vector with some coding
for the time of the occasions (for example 0, 1, 2, … J), and b is a K x 1 vector of slope parameters
(see Table 4). The slope parameters then give an indication of the change across time for each
common factor (instead of having to interpret all separate estimates of common factor means).
In addition, to test invariance of common factor means we can fix the slopes at zero (i.e., b = 0).
Table 4 | Imposition of Kronecker product restrictions on common factor means
Common factor means (κ)
κ(KJx1)

κT(Jx1)

κV(Kx1)

26 x 1

13 x 1

2x1

κ1(Kx1)
κ2
…
κJ

=

κT1
κT2
…
κTJ

⊗

κV1
κV2

Linear trend of common factor means (κ)
κ(KJx1)

u(Jx1)

a(Kx1)

t(Jx1)

b(Kx1)

26 x 1

13 x 1

2x1

13 x 1

2x1

1
1
…
1

a1
a2

0
1
..
12

b1
b2

κ1(Kx1)
κ2
…
κJ

=

⊗

+

⊗

Notes: Common factor means (κ) are decomposed using the Kronecker product (⊗), where κT represents relationships
between measurement occasions, κV represents common factor means of one measurement occasion, u is a unity vector,
a is a vector of intercept parameters, t is a vector with a time coding for the time of measurement, and b is a vector of
slope parameters.

Step 5: Longitudinal Structures of Common Factors. To further test substantive hypotheses
regarding the common factors, we can apply longitudinal structures to both the covariance and mean
structures of the common factors. Examples of these longitudinal structures are the autoregressive
model and the latent curve model. We will introduce these models below and explain how they
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can be applied to the L3MM. For a more extensive explanation of these models, including possible
variations and examples of hypotheses testing, the reader is referred to Oort (2001).
Autoregressive model. The basic autoregressive model is used to describe the mean and covariance
structures of the common factors using a path-model, where the scores of the common factors at
occasion j are explained by the scores of the common factors at occasion j – 1. We can apply the
autoregressive model to the full Φ and κ matrices, but in the L3MM we can also apply the autoregressive
model to the matrices that describe the relationships between the measurement occasions, using:
ΦT = (I – B)-1 Ψ (I –B’) -1,

(17)

and:
κT = (I – B) -1 α,

(18)

where I is a J x J identity matrix, B is a square J x J matrix containing regression coefficients (that
consists of diagonal βj,j-1 elements only), Ψ is a J x J diagonal matrix containing the variances of
the innovation factors (representing everything that happened between occasions j and j – 1,
uncorrelated with the scores of the common factor on occasion j – 1), and α is a J x 1 vector that
contains the means of the innovation factors. Because ΦT and κT are a function of Ψ, B and α, we
use the first element of ΦV and κV for identification. Application of the basic autoregressive model
to ΦT and κT implies that the autoregressive structure is proportionate for all common factors.
Latent curve model. The latent curve model is a special case of the common factor model, where
scores of repeated measurements are explained using latent curve factors. When the curve is linear,
there is only one curve factor that represents the development over time (or slope), and the factor
loadings are used to define the linear trajectory (e.g., by fixing the values to 0, 1, 2, … J). In addition,
there is a curve factor that represents the initial status, where all factor loadings are fixed at unity
to define this factor as the intercept of the developmental trajectory. Other types of curves can be
defined using different values for the factor loadings of the development factor (e.g., logistic curves),
or by using additional curve factors (e.g., quadratic curves). In Kronecker product restricted models,
we can apply the linear latent curve model to the matrices ΦT and κT, by imposing:
ΦT = ΛII ΦII Λ’II + ΘII ,

(19)

κT = ΛII κII ,

(20)

and:

where ΛII is a J x 2 matrix that contains the (fixed) factor loadings of the curve factors, ΦII is a
2 x 2 symmetric matrix that contains the variances and covariances of the curve factors, ΘII is
a J x J diagonal matrix that contains the variances of the residual factors (representing variance
of the common factors that is not explained by the latent curve model), and κII is a 2 x 1 vector
that contains the means of the curve factors. The Kronecker product restriction implies that the
latent curve model is proportionate for all common factors.
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Results
The measurement model of Figure 1 was the basis for a structural equation model for baseline
and follow-up measurements without any across occasion constraints. This model yielded a chisquare test of exact fit that was significant but the RMSEA measure and CFI indicated close fit
(see Model 1.1, Table 5). The number of model parameters to be estimated was 1274. As the
number of parameter estimates exceeds the sample size (N = 682), we should be very cautious
when interpreting measures of fit and parameter estimates.
L3MMs were applied to the 104 variables from 13 measurement occasions to investigate
change in HRQL. Kronecker product restrictions were imposed on (1) factor loadings and
intercepts (Λ and τ) to comply with longitudinal measurement invariance; (2) residual factor
variances and covariances (Θ), (3) common factor variances and covariances (Φ), and (4)
common factor means (κ). Substantive hypotheses were tested at each consecutive step.
Step 1: Longitudinal Measurement Invariance
The model with both factor loadings and intercepts restricted to be equal across occasions yielded
a chi-square test of exact fit that was significant, but the RMSEA and CFI measures indicated close
and good fit respectively (Model 2.1, see Table 5). To test whether the assumption of longitudinal
measurement invariance holds, the model fit of this model can be compared to the model fit of
the LFM without restrictions. Both the chi-square difference test and the ECVI difference test are
significant (CHISQdiff (156) = 658.8, p < .001; ECVIdiff = 0.43 95% CI: 0.29 – 0.59), indicating
that the restrictions of invariant factor loadings and intercepts across occasions may not be tenable.
However, the difference in CFI values indicates that the hypothesis of invariance should not be
rejected (CFIdiff = 0.005). Moreover, overall model fit of the measurement invariance model is
considered to be close (RMSEA = 0.03). As longitudinal measurement invariance is required
for testing substantive hypotheses regarding common factors, we will retain the model with
measurement invariance restrictions on both factor loadings and intercepts. The number of free
parameters in the longitudinal measurement invariance model (1118) is still larger than the
sample size and therefore measures of model fit and parameter estimates (see Table 6) should still
be interpreted with caution.
Step 2: Residual Factor Variances and Covariances
The imposition of the Kronecker product restriction on the residual factor correlations (Model
2.2a, see Table 5) and residual factor standard deviations (Model 2.2b) yielded close fit according to
the RMSEA and CFI. Although the overall model fit is considered to be good, the deterioration in
model fit as compared to the measurement invariance model (Model 2.1) is significant (CHISQdiff
(630) = 2168.8, p < .001; ECVIdiff = 1.00 95% CI: 0.74 – 1.27; CFIdiff = 0.015). The number of
degrees of freedom that is gained with these L3MM restrictions is considerable (630) and leads
to a total number of parameter estimates (488) that is lower than the sample size (N = 682).
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Table 5 | Goodness of overall fit of the longitudinal three-mode models
Model

P

Df

CHISQ

CFI

RMSEA

ECVI

[95% CI]

[95% CI]

0.031

14.71

[0.029 ; 0.032]

[14.30 ; 15.13]

0.033

15.13

[0.031 ; 0.034]

[14.70 ; 15.59]

0.036

15.90

[0.035 ; 0.038]

[15.40 ; 16.41]

0.037

16.13

[0.036 ; 0.038]

[15.62 ; 16.66]

0.037

16.11

[0.036 ; 0.038]

[15.60 ; 16.64]

0.040

17.16

[0.039 ; 0.041]

[16.62 ; 17.72]
18.18

Measurement model
1.1

No restrictions

1274

4290

7002.34

0.975

L3MM restrictions
2.1

Λ = I ⊗ Λ0; τ = u ⊗ τ0

1118

4446

7661.17

0.971

2.2

a Θ = Δ(ΘT* ⊗ I)Δ

572

4992

9471.75

0.959

b Θ = ΘT ⊗ ΘV
c Equal ε variances
d Equal ε correlations

2.3

476
422

5076
5088
5142

9829.93
9846.17
10690.4

0.956
0.956
0.949

e Equal ε covariances

410

5154

11413.6

0.943

0.042
[0.041 ; 0.044]

[17.62 ; 18.77]

a Φ = Γ(ΦT* ⊗ ΦV*)Γ

242

5322

10486.0

0.953

0.038

16.24

[0.037 ; 0.039]

[15.71 ; 16.78]

0.038

16.24

[0.037 ; 0.039]

[15.71 ; 16.79]

0.038

16.25

[0.037 ; 0.039]

[15.73 ; 16.80]

0.038

16.47

[0.037 ; 0.040]

[15.93 ; 17.02]
16.47

b Φ = ΦT ⊗ ΦV
c Equal ξ variances
d Equal ξ correlations

2.4

448

230
218
166

5334
5346
5400

10515.3
10552.9
10820.4

0.952
0.952
0.950

e Equal ξ covariances

152

5412

10854.5

0.950

0.038
[0.037 ; 0.040]

[15.93 ; 17.02]

a κ = κT ⊗ κV

218

5346

10579.3

0.952

0.038

16.29

[0.037 ; 0.039]

[15.76 ; 16.84]

0.038

16.30

[0.037 ; 0.039]

[15.77 ; 16.85]

0.038

16.34

[0.037 ; 0.039]

[15.80 ; 16.89]

b Linear t rend κ
c Equal κ

208
206

5356
5358

10611.4
10637.2

0.952
0.952

3

Notes: N = 682; P = number of free parameters in the model; Df = degrees of freedom; κ, Φ, and Θ are common
factor means, common factor covariances and residual factor covariances and the subscripts ‘T’ and ‘V’ refer to matrices
that contain relationships between different measurement occasions or variables respectively, Δ and Γ are standard
deviations of residual factors and common factors, and Λ and τ are common factor loadings and intercepts.
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Therefore, we will retain these L3MM restrictions in favor of model parsimony and use this
model as the reference model in subsequent model comparisons below.
Substantive hypotheses. Models 2.2c, 2.2d, and 2.2e are used to test hypotheses about
equality of residual factor variances, correlations and covariances respectively. These restrictions
have been imposed, one at a time (see Table 5). It appears that the residual factor variances are
invariant across occasions (CHISQdiff (12) = 16.2, p = .18; ECVIdiff = -0.02; CFIdiff < 0.001),
but the hypotheses about equal correlations and thus covariances across occasions must be
rejected according to the chi-square difference and ECVI difference tests (CHISQdiff (66) =
860.4, p < .001; ECVIdiff = 1.05 95% CI: 0.88 – 1.24). The CFI difference indicates that the
hypothesis of equal correlations might be tenable (CFIdiff = 0.007), but that the hypothesis of
equal covariances must be rejected (CFIdiff = 0.014), although the overall model fit for both
models is not considered to be good (CFI < 0.95). Therefore, in our example of bone metastases
only the hypothesis of equal residual variances seems tenable.
Table 6 | Three-mode model parameter estimates for the factor loadings and intercepts (Model 2.1)
Invariant factor loadings (Λ0)
FUNC
HEALTH

PF

MB

SF

DP

LS

PA

SI

SY

1.00

0.71

0.31
0.69

1.00

1.10

0.78

0.93

0.49

Invariant intercepts (τ0)
PF

MB

SF

DP

LS

PA

SI

SY

0.00

-0.07

-0.09

0.00

0.09

0.35

0.62

0.48

Computation of factor loadings (Λ), where Λ = I ⊗ Λ0
FUNC

PFT0

MBT0

SFT0

1.00

0.71

0.31

HEALTH

…

PFT1

MBT1 SFT1

1.00

0.71

0.69

…

0.31

PFT13 MBT13 SFT13
1.00

0.71

0.69

0.31
0.69

Computation of intercepts (τ), where τ = u ⊗ τ0
PFT0

MBT0

SFT0

0.00

-0.07

-0.09

…

PFT1

MBT1 SFT1

0.00

-0.07

-0.09

…

PFT13 MBT13 SFT13
0.00

-0.07

-0.09

Notes: I and u are an identity matrix and unity vector with dimensions equal to the number of measurement occasions.

Interpretation of parameter estimates. For interpretation of parameter estimates
of residual factor variances and covariances from a Kronecker product restricted model,
we will look at the parameter estimates of Model 2.2c (see Table 7). The first element
of Δ0 contains the estimate of the standard deviation of the residual factor of physical
functioning (Δ011 = 0.46), which results in an estimate of the residual variance of 0.21
(0.462) for all indicators of physical functioning across occasions. Estimates of ΘT* are
the correlations between measurement occasions. The factor by which the relationships
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Table 7 | Three-mode model parameter estimates for the residual factor variances and covariances
(Model 2.2c)
Standard deviations of residual factors (diag(Δ0))
PF

MB

SF

DP

LS

PA

SI

SY

0.46

0.43

0.69

0.43

0.35

0.61

0.48

0.25

Correlations between measurement occasions (Θ*T)
T0

T1

T2

T3

T4

T5

T6

T7

T8

T9

T10

T11

T0

1.00

T1

0.64

1.00

T2

0.57

0.71

1.00

T3

0.52

0.65

0.74

1.00

T4

0.49

0.61

0.67

0.76

1.00

T5

0.48

0.61

0.65

0.71

0.78

1.00

T6

0.47

0.60

0.63

0.68

0.73

0.80

1.00

T7

0.48

0.59

0.62

0.65

0.71

0.77

0.81

1.00

T8

0.46

0.56

0.59

0.62

0.67

0.72

0.76

0.81

1.00

T9

0.46

0.55

0.58

0.62

0.66

0.71

0.75

0.78

0.81

1.00

T10

0.43

0.53

0.56

0.60

0.64

0.68

0.72

0.74

0.77

0.81

1.00

T11

0.43

0.52

0.56

0.60

0.62

0.65

0.69

0.72

0.74

0.77

0.82

1.00

T12

0.42

0.51

0.54

0.58

0.61

0.63

0.66

0.69

0.71

0.74

0.77

0.82

T12

3

1.00

Computation of parameter estimates in Θ, where Θ = Δ(ΘT* ⊗ I)Δ, and Δ = I ⊗ Δ0
PFT0
PFT0

MBT0

PFT1

MBT1

SFT1

…

PFT13

MBT13 SFT13

0.47

SFT0
…

…

PFT1

0.13

…
0.21
0.12

MBT1

0.18
0.30

SFT1
…

…

PFT13

0.09

MBT13

…

0.18

MBT0

SFT13

SFT0

0.21

0.47
…

…
0.11

0.08

0.21
0.09

0.20

0.18
0.24

0.47

between the residual factors change across occasions are equal for all residual factors, but the
actual covariances between the residual factors across occasions may differ because they are
dependent on the standard deviations of the indicators. Also, it is now easy to see that correlations
between measurement occasions decrease as the lag between the occasions becomes larger (i.e.,
the correlation between the first and second measurement occasion is larger than the correlation
between the first and third measurement occasion, and so on). In addition, correlations between
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measurement occasions of the same lag increase over time, i.e., the correlation between the first
and second measurement occasion is smaller than the correlation between the second and third
measurement occasion, and so on. This pattern of correlations explains why the restriction of equal
correlations of the same lag (i.e., Model 2.2d) was not tenable. It might be, for example, that patients
get used to the repeated assessments and therefore answer the questions in a more homogenous way.
Step 3: Common Factor Variances and Covariances
The model with Kronecker product restrictions imposed on both the common factor correlations
and the common factor standard deviations yielded close fit according to the RMSEA and CFI
(Model 2.3b, Table 5) and can be considered to show equivalent approximate fit compared to
the model with free common factor variances (CHISQdiff (258) = 685.3, p < .001; ECVIdiff =
0.11 95% CI: -0.03 – 0.26; CFIdiff = 0.004). Therefore, this model is retained and used as the
reference model in subsequent model comparisons below. This result indicates that the changes
in the standard deviations of the common factors functional limitations and health impairments
and their correlation, change proportionately over time. The total number of free parameters in
this model (288) is considerable lower than the sample size (N = 682).
Substantive hypotheses. Models 2.3c, 2.3d and 2.3e are used to test equality of common
factor variances, correlations and covariances respectively. The hypothesis of equal common
factor variances across occasions should be rejected based on the chi-square difference test, but
based on the ECVI difference test and the CFI difference the model with equal common factor
variances can be retained (CHISQdiff (12) = 37.6, p < .001; ECVIdiff = 0.01, 95% CI: -0.01 –
0.06; CFIdiff < 0.001). Moreover, the overall model fit of this model is still considered to be
good. The hypotheses about equal correlations and thus covariances across occasions must be
rejected based on the chi-square difference and ECVI difference tests, but might be retained
based on the CFI difference (CHISQdiff (64) = 305.2, p < .001; ECVIdiff = 0.23 95% CI: 0.13
– 0.34; CFIdiff = 0.002). Taken together, these results indicate that only the hypothesis of equal
common factor variances is tenable.
Interpretation of parameter estimates. The L3MM parameter estimates for common
factor variances and covariances of Model 2.3c are given in Table 8. The estimates of the
standard deviations of the common factors functional limitations and health impairments (Γ0)
are 0.83 and 0.51 respectively, and the correlation between the two common factors (ΦV*) is
0.44. The covariance between the two common factors of one measurement occasion is thus
0.19 (i.e., 0.44 * 0.83 * 0.51). Correlations between measurement occasions (ΦT*) show the
change in correlations between measurement occasions across time, e.g., correlation between
measurement occasions decrease as the lag between measurement occasions becomes larger.
Although correlations between measurement occasions apply to both common factors, actual
covariances between common factors across occasions differ as they are dependent on the
standard deviations of the common factors. Similar to the pattern of correlations between
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measurement occasions of residual factors, the result of the common factors shows a decrease
in correlations between measurements as the lag between the occasions becomes larger, while
correlations between measurement occasions of the same lag increase over time. This indicates
that patients become more homogenous in their answers to the observed variables of physical
limitations and health impairments over time.
Table 8 | Three-mode model parameter estimates for the common factor variances and covariances (Model 2.3e)
Standard deviations of common factors (diag(Γ0))
FUNC

HEALTH

0.83

0.51

Correlations between common factors (ΦV*)
FUNC
FUNC

1.00

HEALTH

0.44

HEALTH

3

1.00

Correlations between measurement occasions (ΦT*)
T0

T1

T2

T3

T4

T5

T6

T7

T8

T9

T10

T11

T0

1.00

T1

0.89

1.00

T2

0.86

0.93

1.00

T3

0.83

0.88

0.92

1.00

T4

0.80

0.86

0.89

0.93

1.00

T5

0.80

0.83

0.87

0.90

0.93

1.00

T6

0.77

0.80

0.85

0.87

0.90

0.93

1.00

T7

0.75

0.79

0.82

0.86

0.89

0.91

0.95

1.00

T8

0.74

0.79

0.82

0.84

0.88

0.90

0.92

0.94

1.00

T9

0.71

0.76

0.80

0.82

0.85

0.89

0.90

0.91

0.95

1.00

T10

0.68

0.74

0.77

0.80

0.82

0.86

0.88

0.90

0.94

0.95

1.00

T11

0.67

0.74

0.76

0.78

0.80

0.84

0.86

0.87

0.92

0.92

0.95

1.00

T12

0.64

0.72

0.74

0.76

0.79

0.81

0.84

0.85

0.89

0.90

0.92

0.95

T12

1.00

Computation of parameter estimates in Φ, where Φ = Γ(ΦT* ⊗ ΦV*)Γ, and Γ = I ⊗ Γ0FUNCT0 HEALTHT0 FUNCT1 HEALTHT1
FUNCT0
HEALTHT0
FUNCT1
HEALTHT1
…
FUNCT13
HEALTHT13

0.70
0.19
0.62
0.17
…
0.44
0.12

0.26
0.17
0.23
…
0.12
0.16

0.70
0.19
…
0.50
0.14

0.26
…
0.14
0.19

...

…
…
…

FUNCT13 HEALTHT13

0.70
0.19

0.26
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Step 4: Common Factor Means
The model with Kronecker product restrictions on the common factor means yielded close fit
according to the RMSEA, and good fit according to the CFI (Model 2.4a, see Table 5). The
model that imposes a linear trend on the means of the common factors (Model 2.4b) can be
considered to show equivalent approximate fit (CHISQdiff (10) = 32.1, p < .001; ECVIdiff = 0.01
95% CI: -0.01 – 0.05; CFIdiff < 0.001), whereas the model that imposes equality of common
factor means across occasions (Model 2.4c) shows a significant deterioration in model fit
according to the chi-square difference and ECVI difference tests, but should not be rejected
based on the CFI difference (CHISQdiff (12) = 57.9, p < .001; ECVIdiff = 0.04 95% CI: 0.01
– 0.09; CFIdiff < 0.001). These results indicate that there is a significant change in the common
factor means across time, and that this change can be described using a linear trend.
Interpretation of parameter estimates. L3MM parameter estimates for common factor
means of Model 2.4c are given in Table 9. The intercept parameters (a1 and a2) are common
factor means at the first measurement occasion. The slope parameters (b1 and b2) are the (linear)
change in common factor means across occasions, where the means of the common factor
functional limitation increase across occasions (b1 = 0.04), while the means of the common
factor health impairments decrease across occasions (b2 = -0.06). The complete vector of
common factor means is computed as a function of time of measurement (see Table 9).
Table 9 | Three-mode model parameter estimates for the common factor means (Model 2.4b)
Intercept parameters common factor means (a)
FUNC

HEALTH

2.57

1.80

Slope parameters common factor means (b)
FUNC

HEALTH

0.04

-0.06

Computation of common factor means (κ), where κ = u ⊗ a + t ⊗ b
FUNCT0

HEALTHT0

FUNCT1

HEALTHT1

…

FUNCT13

HEALTHT13

2.57

1.80

2.57

1.79

…

2.62

1.73

Notes: u is a unity vector; the time coding for the time of measurement (t) that was used was 0, 0.1, 0.2, 0.3 etc.
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Discussion
The longitudinal three-mode model (L3MM) is a valuable tool for the assessment of change in
situations where there are many measurement occasions. Kronecker product restrictions yield
very parsimonious models, enabling the application of SEM to large longitudinal data sets. In
the present paper we explained and illustrated the imposition of Kronecker product restrictions
on the parameter matrices of (1) factor loadings and intercepts to comply with the assumption
of longitudinal measurement invariance; (2) residual factor covariances and correlations,
and additional restrictions to test equality of variances, correlations and covariances across
occasions; (3) common factor covariances and correlations, and additional restrictions to
test equality of variances, correlations and covariances across occasions; (4) common factor
means, and additional restrictions to test a linear trend of common factor means; and (5)
longitudinal structures such as the autoregressive model and latent curve model. In addition, we
explained how the resulting parameter estimates can be interpreted. This paper therefore serves
as an instructive explanation of L3MMs in order to facilitate their applications for complex
longitudinal data and to enhance the substantive interpretation of model parameters.
In our example of bone metastases, the Kronecker product restrictions imposed on factor
loadings and intercepts to comply with measurement invariance yielded deterioration in model
fit. We still retained the model because longitudinal measurement invariance is required for
testing substantive hypotheses regarding common factors, and the overall fit of the measurement
invariance model was considered to be good. It was not the aim of the present paper, but it would
be interesting to investigate which model parameters show violations of measurement invariance
(i.e., measurement bias). However, because the invariant model parameters in the L3MM are a
function of parameter estimates, the detection of measurement bias in Kronecker product restricted
models requires alternative methods. A procedure for measurement bias detection in Kronecker
product restricted models has been proposed (Verdam & Oort, 2015a), where additional parameter
matrices are introduced to accommodate possible violations of measurement invariance. This
procedure enables the investigation of measurement bias, to account for apparent bias, and use
partial measurement invariance to investigate change in common factor means in L3MMs.
L3MMs are applied to assess change in multivariate longitudinal data with many
measurement occasions. The size of these types of models is usually large in terms of observed
variables and model parameters. For example, in our sample of 682 patients with bone metastases
we modeled 104 observed variables measured over 13 measurement occasions, which resulted in
a measurement model that required estimation of 1274 model parameter with 4290 degrees of
freedom. Evaluation of model fit is complicated by the fact that the chi-square test of exact fit is
dependent on sample size and number of degrees of freedom (i.e., with increasing sample size and
equal degrees of freedom the chi-square value increases) and tends to favor highly parameterized
models (i.e., the chi-square value decreases when parameters are added to the model). Indices of
approximate fit are less dependent on sample size and reward model parsimony. In our illustration
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with the L3MMs the evaluations of overall model fit indicated that none of the models showed
exact fit according to the chi-square test, while all models showed close approximate fit (RMSEA
< 0.05). The CFI index seemed to be somewhat more discriminative as not all models showed
good fit (CFI > 0.95), but without confidence intervals for these values the precision of the
index is unknown. Therefore, this raises the question of how informative these overall model
fit measures are in the case of highly parsimonious models. As these type of models will only
become more prevalent in the presence of large data sets, it would be worthwhile to investigate
the behavior of overall model fit indices as a topic of future research.
The imposition of Kronecker product restrictions leads to more parsimonious models,
and thus to deterioration in model fit. To test whether the restrictions are tenable we can test
differences in model fit. As the imposition of Kronecker product restrictions usually leads to a
large gain in number of degrees of freedom, evaluation of difference in model fit complicated
for the same reasons as described above. As an alternative to the chi-square difference test we
used the difference in ECVI and CFI values to evaluate differences in model fit. An advantage
of the ECVI difference is that the associated confidence interval provides information about
the precision of the estimate and allows to test the equivalence in approximate model fit. In our
application, the chi-square difference test showed the highest power, rejecting all the L3MM
restrictions (i.e., Kronecker product restrictions on parameter matrices), and all but one of the
additional restrictions on L3MM parameter matrices to test substantive hypotheses. The ECVI
difference test showed that some of the L3MM restrictions and substantive hypotheses could be
retained based on the evaluation of equivalence in approximate fit, whereas the CFI difference
showed the least discriminative power as almost all models could be retained based on the rule
of thumb for this index (CFIdiff = 0.01). Thus, the results of the evaluation of differences in
model fit differ between the evaluation methods, which again raises the question of how these
fit indices can be used in an informative way. These results also emphasize that statistics alone
are not sufficient to guide decisions regarding these type of model evaluations, and that such
decisions require substantive guidance as well.
For example, the evaluation of difference in model fit can be used to test the trade-off between
model fit and model parsimony, but may also be affected by interpretability of results. In our
illustration we incorporated Kronecker product restrictions on residual factor variances and
covariances, even though these restrictions yielded deterioration in model fit. In part, we chose
to incorporate these restrictions in favor of model parsimony and interpretability of results.
Instead of yielding 104 estimates of residual factor variances and 624 estimates of residual factor
covariances, the L3MM yielded 8 estimates of residual factor variances, and 90 estimates that
represent the proportional change in residual factor variances and covariances over time. These
restrictions thus facilitate the substantive interpretation of model parameters. Therefore, the
decision of whether to incorporate Kronecker product restrictions might not only be guided
by evaluation of differences in model fit, but also by the improved substantive evaluation of
findings. With regard to the imposition of additional restrictions on L3MM parameter matrices
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however, the decision of whether to incorporate these restrictions might not be guided by the
same considerations of model parsimony and interpretability of findings. As these restrictions
are imposed to test specific substantive hypotheses, it might be more desirable to have a high
power to detect differences in parameter estimates. Therefore, substantive decisions play an
important role in the evaluation of differences in model fit, and might even require the use of
different fit indices or different decision rules that are guided to the purpose of the analysis.
As a recommendation for research and practitioners that apply these type of models, we would
suggest to: (1) use several tests and indices of model fit in order to find support for the robustness
of the result in their communalities, (2) keep in mind that some fit indices are more appropriate
in certain circumstances than others (e.g., specifically developed to take into account model
parsimony), and (3) take into account substantive considerations when making decisions on
model fit evaluation (e.g., using theory to establish an appropriate measurement model in addition
to relying on model fit tests or indices to guide the specification of a measurement model).
To conclude, this paper provides an instructive explanation of how the L3MM can be
applied to multivariate longitudinal data from many measurement occasions. Kronecker
product restrictions are used to model the multivariate longitudinal structure of the data,
which yields models that are more parsimonious and have attractive interpretation. Application
of the L3MM therefore facilitates the analysis of complex longitudinal data and can provide
meaningful interpretation of the dynamics of change.
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Appendix 3A
Calculation of the number of free parameters
of a longitudinal factor model
Below we give specific calculations for the number of free parameters in a longitudinal factor
model with simple measurement structure that consists of 9 indicators and 3 common factors,
when it includes two, four or six measurement occasions.
Two measurement occasions: The matrix of factor loadings (Λ) is of dimensions 18 x 6 and contains
18 parameters (9 factor loadings for each measurement). The matrix of common factor variances
and covariances (Φ) is of dimension 6 x 6 and contains 21 parameters (6 common factor variances
on the diagonal, and 15 common factor covariances on the off-diagonal). The matrix of residual
factor variances and covariances (Θ) is of dimensions 18 x 18 and contains 27 parameters (18
residual variances, and 9 residual covariances between the same indicators across occasions). The
vector of intercepts (τ) is of dimensions 18 x 1 and contains 18 parameters (one intercept for each
observed indicator). The vector of common factor means (κ) is of dimensions 6 x 1 and contains
6 parameters (one mean for each common factor). The total number of parameters is thus 90. For
the purpose of identification one can fix the common factor means to zero and the common factor
variances to unity. This amounts to a total of 78 free parameters in the model.
Four measurement occasions: The matrix of factor loadings (Λ) is of dimensions 36 x 12 and
contains 36 parameters (9 factor loadings for each measurement). The matrix of common factor
variances and covariances (Φ) is of dimension 12 x 12 and contains 78 parameters (12 common
factor variances on the diagonal, and 66 common factor covariances on the off-diagonal). The
matrix of residual factor variances and covariances (Θ) is of dimensions 36 x 36 and contains
90 parameters (36 residual variances, and 54 residual covariances between the same indicators
across occasions). The vector of intercepts (τ) is of dimensions 36 x 1 and contains 36 parameters
(one intercept for each observed indicator). The vector of common factor means (κ) is of
dimensions 12 x 1 and contains 12 parameters (one mean for each common factor). The total
number of parameters is thus 252. For purpose of identification one can fix the common factor
means to zero and the common factor variances to unity (alternatively, one can fix one intercept
per common factor to zero and one factor loading per common factor to unity). This amounts
to a total number of 228 free parameters in the model.
Six measurement occasions: The matrix of factor loadings (Λ) is of dimensions 54 x 18 and
contains 54 parameters (9 factor loadings for each measurement). The matrix of common factor
variances and covariances (Φ) is of dimension 18 x 18 and contains 171 parameters (18 common
factor variances on the diagonal, and 153 common factor covariances on the off-diagonal).
The matrix of residual factor variances and covariances (Θ) is of dimensions 54 x 54 and
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contains 189 parameters (54 residual variances, and 135 residual covariances between the same
indicators across occasions). The vector of intercepts (τ) is of dimensions 54 x 1 and contains 54
parameters (one intercept for each observed indicator). The vector of common factor means (κ)
is of dimensions 18 x 1 and contains 18 parameters (one mean for each common factor). The
total number of parameters is thus 486. For purpose of identification one can fix the common
factor means to zero and the common factor variances to unity. This amounts to a total of 450
free parameters in the model.
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Appendix 3B
Explanation of the Kronecker product operation
The Kronecker product of two matrices, A (m x n) and B (p x q), is defined as:
A⊗Β =

𝑎𝑎!! 𝐁𝐁 ⋯ 𝑎𝑎!! 𝐁𝐁
⋮
⋱
⋮ ,
𝑎𝑎!! 𝐁𝐁 ⋯ 𝑎𝑎!" 𝐁𝐁

where the result is a mp x nq block matrix that contains mn submatrices aB.
More specifically:
𝑎𝑎!! 𝑏𝑏!!
𝑎𝑎!! 𝑏𝑏!"
⋮
𝑎𝑎!! 𝑏𝑏!!
⋮
A⊗Β =
⋮
𝑎𝑎!! 𝑏𝑏!!
𝑎𝑎!! 𝑏𝑏!"
⋮
𝑎𝑎!! 𝑏𝑏!!

…
…

𝑎𝑎!! 𝑏𝑏!"
𝑎𝑎!! 𝑏𝑏!!
⋮
𝑎𝑎!! 𝑏𝑏!!
⋮
⋮
𝑎𝑎!! 𝑏𝑏!"
𝑎𝑎!! 𝑏𝑏!!
⋮
𝑎𝑎!! 𝑏𝑏!!

⋱
…
…
…
⋱
…

𝑎𝑎!! 𝑏𝑏!!
𝑎𝑎!! 𝑏𝑏!!
⋮
𝑎𝑎!! 𝑏𝑏!"
⋮
⋮
𝑎𝑎!! 𝑏𝑏!!
𝑎𝑎!! 𝑏𝑏!!
⋮
𝑎𝑎!! 𝑏𝑏!"

… … 𝑎𝑎!! 𝑏𝑏!! 𝑎𝑎!! 𝑏𝑏!" … 𝑎𝑎!! 𝑏𝑏!!
… … 𝑎𝑎!! 𝑏𝑏!" 𝑎𝑎!! 𝑏𝑏!! … 𝑎𝑎!! 𝑏𝑏!!
⋮
⋮
⋮
𝑎𝑎!! 𝑏𝑏!! 𝑎𝑎!! 𝑏𝑏!! ⋱ 𝑎𝑎!! 𝑏𝑏!"
…
… …
⋮
⋮
⋮
⋱
.
⋮
⋮
⋮
⋱
… …
𝑎𝑎!" 𝑏𝑏!! 𝑎𝑎!" 𝑏𝑏!" … 𝑎𝑎!" 𝑏𝑏!!
𝑎𝑎!" 𝑏𝑏!" 𝑎𝑎!" 𝑏𝑏!! … 𝑎𝑎!" 𝑏𝑏!!
⋱
⋮
⋮
⋮
…
… … 𝑎𝑎 𝑏𝑏
𝑎𝑎!" 𝑏𝑏!"
!" !! 𝑎𝑎!" 𝑏𝑏!!

A numerical example:
2
5

4
3
⊗
8
7

3
2∗
6
7
=
3
1
5∗
7

2∗3 2∗6 4∗3
2∗7 2∗1 4∗7
5∗3 5∗6 8∗3
5∗7 5∗1 8∗7
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6
1
6
1

3
7
3
8∗
7
4∗

4∗6
6 12
4 ∗ 1 = 14 2
8∗6
15 30
8∗1
35 5

6
1
6
1

=

12 24
28 4
24 46
56 8

CHAPTER 4
Measurement Bias Detection With Kronecker Product
Restricted Models for Multivariate Longitudinal Data
When the Number of Measurement Occasions is Large

Longitudinal measurement invariance is usually investigated with a longitudinal
factor model. However, with multiple measurement occasions, the number of parameters
to be estimated increases with a multiple of the number of measurement occasions. To
guard against too low ratios of numbers of subjects and numbers of parameters, we can
use Kronecker product restrictions to model the multivariate longitudinal structure
of the data. These restrictions can be imposed on all parameter matrices, including
measurement invariance restrictions on factor loadings and intercepts. The resulting
models are parsimonious and have attractive interpretation, but require different
methods for the investigation of measurement bias. Specifically, additional parameter
matrices are introduced to accommodate possible violations of measurement invariance.
These additional matrices consist of measurement bias parameters that are either fixed at
zero or free to be estimated. In cases of measurement bias, it is also possible to model the
bias over time, e.g., with linear or non-linear curves. Measurement bias detection with
Kronecker product restricted models will be illustrated with multivariate longitudinal
data from 682 bone metastasis patients whose health-related quality of life was measured
at 13 consecutive weeks.

This chapter is based on: Verdam, M. G. E., & Oort, F. J. (2014). Measurement bias detection
with Kronecker product restricted models for multivariate longitudinal data when the number
of measurement occasions is large. Frontiers in Psychology, 5, 1022.
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Introduction
A valid assessment of change requires that the meaning of the construct stays the same across
measurement occasions (Meredith, 1993). Longitudinal measurement invariance is usually
investigated with the longitudinal factor model (LFM). When R latent variables are measured with
K observed variables at J measurement occasion, the mean and covariance structures are given by:
μ = τ + Λ κ,

(1)

Σ = Λ Φ Λ’ + Θ,

(2)

and:
where τ is a JK-vector of intercepts, Λ is a JK × JR matrix of common factor loadings, κ is a
JR-vector of common factor means, Φ is a JR × JR symmetric matrix containing the variances
and covariances of the common factors, and Θ is a JK × JK symmetric matrix containing the
variances and covariances of the residual factors. Although the LFM can be used to model
multiple measurement occasions, these models become progressively large and unmanageable
when the number of occasions increases.
One solution to this problem is the imposition of Kronecker product restrictions to
profit from the three-mode structure of multivariate longitudinal data (Oort, 2001). The modes
refer to the variables, the measurement occasions and the subjects, and the resulting longitudinal
three-mode models (L3MMs) are more parsimonious and have attractive interpretation. For
example, Kronecker product restrictions can be imposed on factor loadings and intercepts to
comply with measurement invariance, using:
Λ = I ⊗ Λ0,

(3)

τ = u ⊗ τ0,

(4)

and:
where Λ0 is a K x R matrix of invariant common factor loadings, τ0 is a K x 1 vector of invariant
intercepts, I is a J x J identity matrix, u is a J x 1 vector of ones, and the symbol ⊗ denotes the
Kronecker product. These restrictions imply that factor loadings Λ0 and intercepts τ0 apply to
all measurement occasions. Although Kronecker product restrictions are convenient to model
measurement invariance, they require special methods for the investigation of violations of
measurement invariance (i.e., measurement bias).
Specifically, to detect measurement bias in Kronecker product restricted models, we
introduce additional matrices A and B to accommodate possible violations of measurement
invariance, using:
Λ = I ⊗ Λ0 + A,

(5)

τ = u ⊗ τ0 + B.

(6)

and:
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These additional matrices consist of measurement bias parameters that are either fixed at
zero or free to be estimated. This method thus enables the detection of measurement bias in
individual parameters of Λ and τ. In this way, it is possible to establish partial measurement
invariance (Byrne, Shavelson, & Muthén, 1989). Moreover, in cases of measurement bias, it
is also possible to model the bias over time, e.g., with linear or non-linear curves, which can
facilitate interpretation.
The aim of the present paper is to illustrate the detection of measurement bias with
Kronecker product restricted models using multivariate longitudinal data from 682 bone
metastasis patients whose health-related quality of life was measured in 13 consecutive weeks.

Method
Patients with painful bone metastases from a solid tumor were enrolled from 17 radiotherapy
institutes in The Netherlands. Patients were randomized to receive radiotherapy of a single
fraction versus multiple fractions as palliative treatment for pain. Inclusion criteria were having
one or more painful bone metastases treatable in one target volume and having a pain score
of at least 2 on an 11-point scale from 0 (no pain at all) to 10 (worst imaginable pain) at time
of admission to the radiotherapy. Exclusion criteria were having metastases of malignant
melanoma or renal cell carcinoma, having metastases in the cervical spine, having previously
been irradiated for the same metastases, or having a pathological fracture that needed surgical
fixation or a spinal cord compression. Side effects from radiation therapy vary depending on
the part of the body being treated, and may include skin changes (dryness, itching, peeling, or
blistering), fatigue, loss of appetite, hair loss, diarrhea, nausea and vomiting. Most of these side
effects go away within a few weeks after radiation therapy.
Health-related quality of life (HRQL) questionnaires were administered at thirteen
measurement occasions, before (T0) and every week after treatment with radiotherapy (T1
through T12). These data are a subset of data from the Dutch Bone Metastasis Study (Steenland
et al., 1999; van der Linden et al., 2004). For the current study only patients who survived at
least 13 weeks from the start of treatment were included, which resulted in a total sample size of
682 patients (354 women). Patients’ primary tumor was either breast cancer (n=321), prostate
cancer (n=181), lung cancer (n=106), or other (n=74). Ages ranged from 33 to 90, with a mean
of 64.2 (standard deviation 11.5).
Treatment progression, therapeutic effects and/or side effects may influence patients’
health status. In the area of HRQL a theoretical framework of measurement bias has been
developed which describes how changes in patients’ health status may prompt behavioral,
cognitive and affective processes that affect patients’ response tendencies (Sprangers &
Schwartz, 1999). Therefore, it seems worthwhile to investigate measurement bias in our
sample of bone metastases patients.
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Measures
HRQL was assessed with multiple questionnaires (for more information see Verdam, Oort,
van der Linden, & Sprangers, 2015). 45 Items were grouped using confirmatory factor analyses
and substantive considerations to compute eight health-indicators: physical functioning (PF;
4 items), mobility (MB; 5 items), social functioning (SF; 2 items), depression (DP; 8 items),
listlessness (LS; 6 items), pain (PA; 4 items), sickness (SI; 6 items), and treatment related
symptoms (SY; 11 items). All scale scores were calculated as mean item scores, ranging from 1 to
4, with higher scores indicating more symptoms or dysfunctioning.
Intermittent missing item- and scale scores were imputed using expectation-maximization.
Per assessment, 29-35% of respondents showed missing item scores and 1-3% of respondents
showed intermittent missing scale scores. Cronbach’s alpha coefficients indicated moderate to
good internal consistency reliability (PF, alpha = .93; MB, alpha = .91; SF, alpha = .80; DP,
alpha = .94; LS, alpha = .72; SI, alpha = .74; PA alpha = .74; SY, alpha = .69).
Structural Equation Modeling
Structural equation models were fitted to the means, variances and covariances of the eight
observed health indicators using OpenMx (Boker et al., 2011). OpenMx syntax is available
as online supplementary material.1 To achieve identification of all model parameters, scales
and origins of the common factors were established by fixing the factor means at zero and the
factor variances at one. When factor loadings and intercepts were constrained to be equal across
occasion, only first occasion factor means and variances were fixed. Model parameters of the
additional matrices A and B can be freely estimated, with the restriction that the computed
matrices of factor loadings and intercepts do not violate the general guidelines for identification
as described above. Identification of model parameters of matrices that feature in the Kronecker
product restriction imposed on residual factor variances and covariances was achieved by using
the guidelines described by Oort (2001).
Detection of Measurement Bias. The structural equation modeling procedure for the
detection of measurement bias included the following steps: (1) establishing an appropriate
measurement model, (2) fitting a model of measurement invariance, (3) detection of
measurement bias, (4) modeling the bias that was detected, and (5) assessment of change.
Step 1: Measurement Model. The Measurement Model was established on the basis of results of
exploratory factor analyses and substantive considerations. To take into account the multivariate
longitudinal structure of the data, the longitudinal three-mode model (L3MM; Oort, 2001)
1

OpenMx was used for statistical analyses because it provides a matrix algebraic approach to structural equation
modeling that facilitates the decomposition of matrices that is required for the imposition of Kronecker product
restrictions. Other statistical software (e.g., LISREL and Mplus) could also be used for statistical analyses presented in
this article, but these programs require a much longer, more complicated script as they only allow inequality constraints
on individual parameters. Syntaxes can be retrieved from the first authors’ Open Science Framework page at osf.io/xgryj
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was applied. To reduce the complexity of the model (i.e., the number of parameter estimates)
Kronecker product restrictions were imposed on residual variances and covariances, using Θ
= ΘT ⊗ ΘV. This restriction entails that the matrix of residual variances and covariances (Θ)
is estimated indirectly by using a symmetric matrix that contains the relationships between
measurement occasions (ΘT, of dimensions 13 x 13; with ΘT(1,1) = 1 for identification purposes)
and a diagonal matrix that contains the residual variances of only one measurement occasion (ΘV,
of dimension 8 x 8). This implies that the changes in residual factor variances and covariances
across occasions are proportionate for all residual factors (for more details see Verdam & Oort,
2015b). The Measurement Model has no equality constraints across occasions.
Step 2: Measurement Invariance Model. The assumption of longitudinal measurement
invariance entails that factor loadings and intercepts are constrained to be equal across
occasions. These restrictions were imposed using the Kronecker product with equations (3)
and (4), yielding the Measurement Invariance Model. To test the assumption of measurement
invariance the model fit of the more restricted model can be compared to the model fit of the
model with no equality constraints across occasions. When there is no significant deterioration
in model fit, the assumption of measurement invariance can be retained.
Step 3: Partial Measurement Invariance Model. Detection of measurement bias was done using a
step-by-step modification of the Measurement Invariance Model, to yield the Partial Measurement
Invariance Model which included all occurrences of measurement bias. Measurement bias was
operationalized as differences across measurement occasions in parameter estimates of factor
loadings or intercepts. An iterative procedure was used, where each invariant factor loading
and intercept was investigated one-by-one. Using equations (5) and (6) all measurement bias
parameters across occasions that were associated with one invariant parameter were freely
estimated. The violations of measurement invariance that yielded the largest improvement in
model fit were incorporated in the model. To test whether partial measurement invariance is
tenable the model fit of this model can be compared to the model fit of the model with no
equality constraints across measurement occasions. When there is no significant deterioration
in model fit, the assumption of partial measurement invariance can be retained. The final model,
the Partial Measurement Invariance Model, thus includes measurement invariance restrictions
on most, but not all, factor loading and intercept parameters.
Step 4: Modeling occurrences of measurement bias. In case of measurement bias, the bias was
modeled using linear or non-linear curves. The measurement bias parameters were modeled as a
function of the time of measurement (using a time-coding), yielding estimates of intercept- and
slope-parameters that describe the trend of the bias. When the model fit of the more restricted
model did not significantly deteriorate compared to the model fit of the model with freely
estimated measurement bias parameters, we retained the model which describes the bias using
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a linear or non-linear curve. Interpretation of parameter estimates provides insight in the trend
of the bias that was detected.
Step 5: Assessment of change. Change in the common factor means was assessed in the model
where all measurement biases were taken into account. A test of invariance was used to investigate
differences in common factor means across occasions. To evaluate the impact of measurement
bias on the assessment of change, we inspected the trajectories of common factor means, before
and after taking into account measurement bias.
Evaluation of Model Fit. To evaluate goodness-of-fit the chi-square test of exact fit (CHISQ)
was used, where a significant chi-square indicates a significant difference between model and
data. However, in the practice of structural equation modeling, exact fit is rare, and with large
sample sizes and large numbers of degrees of freedom the chi square test generally turns out to
be significant. Therefore, we also considered alternative measures of fit. The root mean square
error of approximation (RMSEA; Steiger & Lind, 1980; Steiger, 1990) was used as a measure
of approximate fit, where RMSEA values below .05 indicate ‘close’ approximate fit and values
below .08 indicate ‘reasonable’ approximate fit (Browne & Cudeck, 1992). Additionally,
the expected cross-validation index (ECVI; Browne & Cudeck, 1989) was used to compare
different models for the same data, where the model with the smallest ECVI indicates the model
with the best fit. For both the RMSEA and ECVI, 95% confidence intervals were calculated
using the program NIESEM (Dudgeon, 2003).
To evaluate differences between hierarchically related models the chi-square difference test
(CHISQdiff) was used, where a significant chi-square difference indicates a significant difference
in model-fit. The chi square difference test applied to hierarchically nested models has essentially
the same strengths and weaknesses as the chi square test applied to a single model. Therefore, we
additionally considered the ECVI difference test (ECVIdiff), where the deterioration in model fit
of the more restricted model is significant when the value of the ECVI difference is significantly
larger than zero.

Results
Measurement Model
Eight health-indicators were modeled to be reflective of two common factors: functional
limitations and health impairments (see Figure 1). Functional limitations was measured by
three observed variables, health impairments was measured by six observed variables, with one
observed variable in common. The squares represent observed variables (scale scores), the circles
on the top represent the common factors, and the circles on the bottom represent residual factors.
Classification of the common factors was based on the International Classification of
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Functioning, Disability and Health (World Health Organization, 2002) that provides a
framework for the description of health and health-related states. In this framework, the term
functioning refers to all body functions, activities and participation, while disability refers to
impairments, activity limitations and participation restrictions. These concepts are reflected
in the two common factors functional limitations (e.g., limitations of bodily functioning)
and health impairments (e.g., health restrictions or symptoms). As social functioning is also
considered to be an important factor of health-related quality of life, this scale was added to
the measurement and modeled to be influenced by both functional limitations and health
impairments (which agrees with participation being a factor of both functioning and disability
in the WHO framework). The Measurement Model yielded a chi-square test of exact fit that was
significant but the RMSEA measure indicated close fit (see Model 1, Table 1).

4

Figure 1 | The measurement model
Notes: Circles represent latent variables (common and residual factors) and squares represent observed variables (the
scale scores). FUNC = functional limitations, HEALTH = health impairments, PF = physical functioning, MB =
mobility, SF = social functioning, DP = depression, LS = listlessness, PA = pain, SI = sickness, SY = treatment related
symptoms, and Res. = Residual factors.

Detection of Measurement Bias
To test the assumption of longitudinal measurement invariance, factor loadings and intercepts
were held invariant across occasions using the Kronecker product restriction. The overall fit of
the Measurement Invariance Model showed reasonable fit (RMSEA = .037, see Table 1), but
comparison with the fit of the model with no across occasions equality constraints showed a
significant deterioration in fit (CHISQdiff (156) = 735.2, p < .001; ECVIdiff = 0.54, 95% CI:
0.39 – 0.71). This indicates a violation of measurement invariance.
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Table 1 | Goodness of overall fit of models in the four-step measurement bias detection procedure
Model

Description

DF

CHISQ

RMSEA

ECVI

[95% CI]

[95% CI]
15.59

Model 1

Measurement Model

4920

9094.7

.035
[.034 ; .036]

[15.11 ; 16.09]

Model 2

Measurement Invariance
Model

5076

9829.9

.037

16.13

[.036 ; .038]

[15.62 ; 16.66]

Partial Measurement
Invariance Model

5040

.035

15.50

[.034 ; .037]

[15.01 ; 16.01]

Curves Partial Measurement
Invariance Model

5070

.035

15.49

[.034 ; .037]

[15.00 ; 16.00]

Model 3
Model 4

9318.2
9380.8

Notes: N = 682.

To investigate which of the equality constraints across occasions on factor loadings and intercepts
were not tenable, an iterative measurement bias detection approach was used. Step by step
modification of the Measurement Invariance Model yielded the Partial Measurement Invariance
Model, which showed three cases of measurement bias. Each of the measurement biases that was
detected will be explained in more detail below. The fit of the Partial Measurement Invariance
Model was good (RMSEA = .035, see Table 1), and significantly better than the fit of the
Measurement Invariance Model (CHISQdiff (36) = 511.7, p < .001; ECVIdiff = 0.63, 95% CI:
0.50 – 0.77). Moreover, comparison with the Measurement Model showed that although there
was still a significant difference in fit according to the chi-square difference test, comparison
of approximate fit using the ECVI difference test indicated that the models can be considered
approximately equivalent (CHISQdiff (120) = 223.5, p < .001; ECVIdiff = -0.09). Therefore, the
Partial Measurement Invariance Model was retained. All invariant parameters of Λ0 and τ0, and the
measurement bias parameters of the three cases of bias, are given in Table 2 and Table 3 respectively.
Measurement bias intercept ‘pain’. The first bias that was detected was a measurement bias
of the indicator ‘pain’. The model where the intercept of the indicator ‘pain’ was freely estimated
across occasions yielded the largest improvement in model fit (CHISQdiff (12) = 287.7, p <
.001; ECVIdiff = 0.38, 95% CI: 0.28 – 0.49). Inspection of the measurement bias parameters
shows that the estimate of the intercept decreases over the first five measurement occasions and
stabilizes around the sixth measurement occasion (see Table 3). This indicates that, given equal
health impairments, patients report decreasing pain over the first four weeks after treatment,
after which they report stable pain over time.
To get more insight in the trend of this bias, the measurement bias parameters were modeled
as a function of the time of measurement. First, a linear curve was fitted to the bias. This model
yielded an intercept and slope parameter that can give insight in the trend of the bias across
occasions (see Figure 2), but the model did not show a good fit to the data (CHISQdiff (11) =
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189.9, p < .001; ECVIdiff = 0.24, 95% CI: 0.16 – 0.33). In addition, a selection of non-linear
curves was fitted to the measurement bias parameters (see Figure 2) of which the quadratic curve
showed significant deterioration in fit (CHISQdiff (10) = 61.0, p < .001; ECVIdiff = 0.05, 95%
CI: 0.02 – 0.11), but the inverse curve showed equivalent fit to the model with free intercepts
(CHISQdiff (10) = 18.7, p = .044; ECVIdiff = -0.01). The slope parameter gives an indication of
the steepness and direction of the measurement bias for the first five measurement occasions.
Table 2 | Measurement invariant parameter estimates of the Partial Measurement Invariance Model
PF

MB

SF

DP

LS

PA

SI

SY

3.03

2.12

2.25

1.98

2.29

Bias

Bias

1.46

0.90

0.70

0.29
0.39

0.43

0.35

Bias

0.19

Intercepts (τ0)
Factor loadings (Λ0)
FUNC
HEALTH

0.27

4

Notes: N = 682; parameter estimates are unstandardized.

Table 3 | Measurement bias parameter estimates of the Partial Measurement Invariance Model
T0

T1

T2

T3

T4

T5

T6

T7

T8

T9

T10

T11

T12

2.33

2.27

2.22

2.21

2.21

2.21

2.21

2.21

2.21

2.21

2.21

1.56

1.56

1.52

1.49

1.47

1.46

1.46

1.46

1.45

1.43

1.44

0.41

0.37

0.34

0.34

0.33

0.33

0.33

0.32

0.29

0.31

Intercept ‘pain’
2.56

2.41

Intercept ‘sickness’
1.37

1.49

Factor loading ‘sickness’
0.28

0.35

0.40

Notes: N = 682; parameter estimates are unstandardized.

Measurement bias intercept ‘sickness’. The second step of the measurement bias detection
procedure showed that the equality constraint on the intercept of the indicator ‘sickness’ across
occasions was not tenable (CHISQdiff (12) = 141.9, p < .001; ECVIdiff = 0.17, 95% CI: 0.10 –
0.25). Inspection of the measurement bias parameters shows that the intercept of the indicator
‘sickness’ increases over the first four measurement occasions, after which it decreases and
stabilizes around the seventh measurement (see Table 3). Thus, given equal health impairments,
patients report more sickness in the first three weeks after treatment, then report less sickness,
and after the sixth week after treatment report a stable, above baseline level of sickness.
A model with a linear curve was fitted to the data, which yielded a non-significant slope
parameter estimate (see Figure 3), and showed significant deterioration in fit compared to the
model with free intercepts (CHISQdiff (11) = 138.2, p < .001; ECVIdiff = 0.16, 95% CI: 0.10 –
0.25). As it can be seen from the data that different parts of the trajectory of the intercept follow
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Figure 2 | Curves fitted to the measurement bias parameters of the intercept ‘pain’
Notes: The black line (circles) represents measurement bias parameter estimates when they are freely estimated across
occasions, the blue line (triangles) when they are modeled using a linear curve, the red line (squares) when they are
modeled using a quadratic curve, and the purple line (stars) when they are modeled using an inverse curve.

Figure 3 | Curves fitted to the measurement bias parameters of the intercept ‘sickness’
Notes: The black line (circles) represents measurement bias parameter estimates when they are freely estimated across
occasions, the blue line (triangles) when they are modeled using a linear curve, the red line (squares) when they are modeled
using two piece-wise linear curves, and the purple line (stars) when they are modeled using three piece-wise linear curves.
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different trends (i.e., first an increase and then a decrease across measurement occasions), we
modeled these trajectories in the bias using piece-wise curves. Piece-wise curves were modeled
using additional time coding that applied to only part of the trajectory. In this example, linear
piece-wise curves were fitted to the measurement bias parameters of ‘sickness’ (see Figure 3),
where the model with two piece-wise curves did not show a good fit to the data (CHISQdiff
(10) = 64.7, p < .001; ECVIdiff = 0.06, 95% CI: 0.02 – 0.12), but the model with three piecewise curves showed equivalent fit to the model with free intercepts (CHISQdiff (10) = 11.0, p =
.274; ECVIdiff = -0.02). The slope parameters give an indication of the steepness and direction
of the measurement bias for the first three measurement occasions, and the deviations from this
trend for the fourth – sixth measurement occasions, and the seventh to thirteenth measurement
occasions (see Figure 3).
Measurement bias factor loading ‘sickness’. The third bias that was detected was a
measurement bias of the indicator ‘sickness’, as freeing the equality constraint on the factor
loading across occasions yielded the largest improvement in model fit (CHISQdiff (12) = 82.0, p
< .001; ECVIdiff = 0.08, 95% CI: 0.03 – 0.14). Inspection of the measurement bias parameters
shows that the factor loading increases over the first four measurement occasions, after which
it decreases again towards baseline level, although it shows a somewhat fluctuating pattern (see
Table 3). Thus, sickness becomes more important for patients’ health impairments in the first
three weeks after treatment, but then its importance decreases again towards baseline level.
This occurrence of measurement bias was modeled using a linear curve and a piece-wise linear
curve (see Figure 4). The model with the linear curve showed significant deterioration in fit
(CHISQdiff (11) = 69.7, p < .001; ECVIdiff = 0.06, 95% CI: 0.02 – 0.12), but the model with two
piece-wise curves showed equivalent fit to the model with free factor loadings (CHISQdiff (10) =
31.1, p < .001; ECVIdiff = 0.01, 95% CI: -0.01 – 0.05). The slope parameters give an indication of
the steepness and direction of the measurement bias for the first three measurement occasions, and
the deviations from this trend for the fourth to thirteenth measurement occasions (see Figure 4).
Curves Partial Measurement Invariance Model
The final model, the Curves Partial Measurement Invariance Model, includes the three curves
described above to model the measurement biases that were detected. The overall fit of the
model was good (RMSEA = .035, see Table 1) and showed equivalent model fit when compared
to the model with no curves fitted to the measurement biases (CHISQdiff (30) = 62.5, p < .001;
ECVIdiff = -0.01).
Assessment of Change
The trajectory of the common factor functional limitations (see Figure 5) indicates that patients
showed a more or less constant trajectory (CHISQdiff (12) = 39.8, p < .001; ECVIdiff = 0.02, 95%
CI: -0.01 – 0.06). As the biases that were detected concern the measurement of health impairments,
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taking into account measurement bias did not affect the trajectory of functional limitations.
The trajectory of health impairments (see Figure 6) shows that patients significantly improved
(CHISQ diff (12) = 51.5, p < .001; ECVIdiff = 0.03, 95% CI: 0.001 – 0.085), although it seems
that patients slightly deteriorated again in the last three weeks of measurement. Taking into
account the measurement biases of the indicators of health impairments affected the trajectory,
as it can be seen that health impairments would be generally underestimated across occasions.

Figure 4 | Linear curve of measurement bias parameters of the factor loading ‘sickness’
Notes: The black line (circles) represents measurement bias parameter estimates when they are freely estimated across
occasions, the blue line (triangles) when they are modeled using a linear curve, and the red line (stars) represents
measurement bias parameter estimates when they are modeled using two piece-wise linear curves.
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Figure 5 | Latent trajectories of functional limitations before and after accounting for measurement bias
Notes: The dotted black line (circles) represents estimates of the Measurement Invariance Model, and the solid blue
(squares) line represents parameter estimates of the Partial Measurement Invariance Model, where all measurement biases are incorporated in the model.

Figure 6 | Latent trajectories of health impairments before and after accounting for measurement bias
Notes: The dotted black line (circles) represents estimates of the Measurement Invariance Model, and the solid red
(triangles) line represents parameter estimates of the Partial Measurement Invariance Model, where all measurement
biases are incorporated in the model.
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Discussion
Measurement invariance is a prerequisite for a valid assessment of change. Longitudinal
measurement invariance is usually investigated with a longitudinal factor model. However, in
the situation when there are many measurement occasions the longitudinal factor model can
become of unmanageable size. One solution to this problem is the imposition of Kronecker
product restrictions to model the multivariate longitudinal structure of the data. In these
models Kronecker product restrictions also imply measurement invariance across measurement
occasions. As a result, measurement bias across occasion cannot be investigated in the usual
way, by testing equality constraints on individual parameters (intercepts and factor loadings).
Therefore, to investigate which measurement parameters show violations of measurement
invariance (i.e., measurement bias) in Kronecker product restricted models, we propose a
modeling procedure that uses additional matrices to accommodate possible bias. This enables
the investigation of measurement bias, to account for apparent bias, and use partial measurement
invariance to investigate change in common factor means.
The procedure that we propose enables the investigation of measurement invariance in
Kronecker product restricted models for multivariate longitudinal data when the number of
measurement occasions is large. The procedure of measurement invariance investigation is not
different from the usual procedure, but requires alternative modeling as the usual longitudinal
factor model cannot be applied in the situation when invariance restrictions on factor loadings
and intercepts are imposed using the Kronecker product. Moreover, with additional matrices
that are used to accommodate possible violations of measurement invariance, it is possible to
further investigate and model detected biases. This paper therefore contributes to the existing
literature on measurement bias detection using structural equation modeling by: (1) using the
imposition of Kronecker product restrictions to enable factor analyses of data from a large
number of measurement occasions, (2) describing a procedure that enables measurement
invariance investigation with Kronecker product restricted models, and (3) modeling the
measurement bias parameters to facilitate interpretation of detected biases.
In case of bias, the detected measurement bias can be modeled as a function of the time of
measurement using linear or non-linear curves. It should be noted that this technique was used
in an exploratory way, e.g., the curve that was fitted to the bias was chosen after inspection of
the trajectory of the measurement bias parameters. Interpretation of bias is then facilitated by
decreasing the number of parameters to be interpreted, i.e., a slope parameter indicates direction
and strength of the trend of the bias across time. Moreover, additional information could be
used to test specific hypotheses, for example by incorporating the time of an event (e.g., start of
treatment) in modeling the curves.
In our illustrative sample of bone metastases patients imposition of Kronecker product
restrictions enabled the analyses of multivariate data from thirteen measurement occasions, and
the proposed procedure for the investigation of measurement invariance enabled the detection
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of measurement bias, to account for apparent bias, and use partial measurement invariance to
investigate change in health-related quality of life. We found that patients showed a constant
trajectory of functional limitations and an improvement of health impairments over time.
If measurement bias had not been taken into account, patient’s health impairments would
generally be underestimated. Moreover, measurement bias was detected in the intercept of the
indicator pain, and in both the intercept and factor loading of the indicator sickness. Given equal
health impairments, patients reported decreasing pain over the first four weeks after treatment,
after which they reported stable pain over time. In addition, given equal health impairments
patients reported more sickness in the first three weeks after treatment, after which they again
reported less sickness. Similarly, the importance of sickness became more important for patients’
health impairments in the first three weeks and then decreased again towards baseline level. A
possible explanation for the bias in pain as a measurement of health impairments could be that
the radiotherapy treatment led to a larger decrease in pain than in the other indicators of health
impairments. In the measurement of health impairments, patients’ reporting of pain would then
decrease relative to the other indicators. A possible explanation for the biases in sickness could be
that patients experienced side-effects from radiotherapy and that symptoms related to sickness
were relatively more prevalent than the other symptoms. Sickness could therefore have become
more important to the measurement of health impairments, relative to the other symptoms.
As these side-effects usually disappear after a few weeks, this could explain the subsequent
decrease in both the reporting of sickness relative to the other symptoms and its importance
in the measurement of health impairments. These occurrences of measurement bias and their
impact on the assessment of change emphasize the importance of investigating measurement
invariance when analyzing longitudinal data. Our proposed procedure enables the investigation
of measurement invariance in Kronecker product restricted models, and therefore allows for a
more complete interpretation of findings from multivariate longitudinal data.
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CHAPTER 5
Taking Into Account the Impact of Attrition
on the Assessment of Response Shift and True Change:
A Multigroup Structural Equation Modeling Approach

Missing data due to attrition present a challenge for the assessment and interpretation
of change and response shift in HRQL outcomes. The objective of the current paper is to
handle such missingness and to assess response shift and ‘true’ change with the use of an
attrition-based multigroup structural equation modeling (SEM) approach. Functional
limitations and health impairments were measured in 1157 cancer patients who were
treated with palliative radiotherapy for painful bone metastases, before (Time (T) 0),
every week after treatment (T1 through T12), and then monthly for up to two years
(T13 through T24). To handle missing data due to attrition the SEM procedure was
extended to a multigroup approach, in which we distinguished three groups: short
survival (3-5 measurements), medium survival (6-12 measurements), and long survival
(>12 measurements). Attrition after 3rd, 6th and 13th measurement occasion was
11%, 24% and 41% respectively. Results showed that patterns of change in functional
limitations and health impairments differed between patients with short, medium or
long survival. Moreover, three response-shift effects were detected: recalibration of ‘pain’
and ‘sickness’ and reprioritization of ‘physical functioning’. If response-shift effects would
not have been taken into account functional limitations and health impairments would
generally be underestimated across measurements. We conclude that the multigroup
SEM approach can be a valuable tool for the analysis of data from patients with different
patterns of missing data due to attrition. This approach does not only allow for detection
of response shift and assessment of true change across measurements, but also for detection
of differences in response shift and true change across groups of patients with different
attrition rates.

This chapter is based on: Verdam, M. G. E., Oort, F. J., van der Linden, Y. M., & Sprangers,
M. A. G. (2015). Taking into account the impact of attrition on the assessment of response
shift and true change: A multigroup structural equation modeling approach. Quality of Life
Research, 24, 541-551.
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Introduction
Missing data due to attrition present a challenge for the assessment and interpretation of change
in HRQL outcomes, as it is often related to a declining health-status (Sprangers et al., 2002).
Especially in clinical settings, missing data due to attrition is likely to be missing not at random
(MNAR), i.e. when attrition is related to the values of HRQL that are missing. MNAR thus
poses a problem for data analysis. Data imputation methods might lead to biased estimates of
change under the condition of MNAR, and cannot be sensibly applied when attrition is related
to patients’ declining health status. One option is to only analyze data from patients who were
able to complete all measurements, i.e. complete case analysis. Another option is to only use data
from those measurements that all patients completed. However, in both situations important
information is lost and results can be misleading. For example, patients who drop out early in
a clinical trial may have more severe disease trajectory than patients who drop out at a later
stage in the trial. It is therefore important to account for attrition when analyzing data from
longitudinal clinical trials.
Attrition may be related to changes in HRQL, and thus also to ‘response shifts’. Response
shift refers to a change in the meaning of one’s self-evaluation of a target construct that may cause
changes in observed variables (e.g., responses to questionnaires) that are not directly related to
change in the construct of interest (e.g., HRQL). Sprangers and Schwartz (1999) distinguish
three types of response shift: (1) recalibration, which refers to a change in the respondent’s
internal standards of measurement, (2) reprioritization, which refers to a change in respondent’s
values regarding the relative importance of component domains of the target construct, and
(3) reconceptualization, which refers to a change in definition of the target construct. When
we assess change in patient-reported HRQL outcomes, it is important to also investigate – and
account for – response shift effects.
Structural equation modeling (SEM) can be used to detect various types of response shift,
to account for them and to measure ‘true’ change (Oort, 2005). True change refers to a change
in the patient’s level of the target construct (e.g., an improvement or deterioration of HRQL),
while response shift refers to other changes that may obfuscate true changes (e.g., recalibration,
reprioritization and reconceptualization response shifts). Each type of response shift can be
linked to changes in specific parameter estimates of the model, where changes in the pattern of
factor loadings indicate reconceptualization, changes in the values of factor loadings indicate
reprioritization and changes in the values of intercepts indicate (uniform) recalibration.
The aim of this article is to account for attrition in the investigation of changes in HRQL
and response shift effects. We applied the structural equation modeling approach (Oort, 2005)
to data from patients with painful bone metastases who received palliative treatment. To
take into account the possible impact of attrition on the interpretation of findings, the SEM
approach was extended to a multigroup approach in which groups were distinguished based on
their pattern of missing values.
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Method
Patients
In the Dutch Bone Metastasis Study (DBMS) (Steenland et al., 1999; van der Linden et al.,
2004), a total of 1157 patients (533 women) with painful bone metastases from a solid tumor
were enrolled from 17 radiotherapy institutes in The Netherlands. Patients’ primary tumor
was either breast cancer (n=451), prostate cancer (n=267), lung cancer (n=287), or other
(n=152). Patients were randomized to receive treatment of a single fraction (8 Gray) versus
multiple fractions (six times 4 Gray) of radiation. Possible side effects from radiation therapy
vary depending on the part of the body being treated, and may include skin changes (dryness,
itching, peeling or blistering), fatigue, loss of appetite, hair loss, diarrhea, nausea and vomiting.
Most of these side effects go away within a few weeks after radiation therapy is finished.
Before treatment (T0) and during the first 12 weeks of follow-up, patients completed
weekly HRQL questionnaires by mail (T1 through T12). After that, assessments continued
monthly for up to two years or until death (T13 through T24). For the present study, we used
a subset of data from the DBMS database (T0 through T12) and distinguished three groups
based on their pattern of missingness (i.e., attrition rate). Although there is some discrepancy
between attrition and actual time of death, we will refer to these groups as: short survival (3-5
measurements; n = 144), medium survival (6-12 measurements; n = 203), and long survival
(>12 measurements; n = 682).
Measures
HRQL was assessed with three questionnaires: the Rotterdam Symptom Checklist (RSCL; de Haes
et al., 1996), the EQ-5D (The EuroQol Group, 1990) and the EORTC QLQ-C30 (Aaronson et
al., 1993). For the present study, questionnaire-items were grouped into scales, based on results of
principle component analyses. In addition to statistical considerations we also considered clustering
of original questionnaire scales (e.g., the social functioning scale of the EORTC QLQ-C30;
Aaronson et al., 1993) and previous results of factor structure analyses (e.g., the factor structure
of the physical symptom distress scale of the RSCL; de Haes et al., 1996). This resulted in the
computation of eight health-indicators: Physical functioning (PF; 4 items), mobility (MB; 5 items),
social functioning (SF; 2 items), depression (DP; 8 items), listlessness (LS; 6 items), pain (PA; 4
items), sickness (SI; 6 items), and treatment related symptoms (SY; 11 items) (see Table 1). All scale
scores were calculated as mean item scores, ranging from 1 to 4, with higher scores indicating more
symptoms or more dysfunctioning. Cronbach’s alpha coefficients (Cronbach, 1951) indicated
moderate to good internal consistency reliability (PF, alpha = .93; MB, alpha = .91; SF, alpha = .80;
DP, alpha = .94; LS, alpha = .72; SI, alpha = .74; PA alpha = .74; SY, alpha = .69).
Intermittent missing item- and scale scores were imputed using expectation-maximization
(Dempster, Laird, & Rubin, 1977). Per assessment, 27-42% of respondents showed missing
item scores and 1-8% of respondents showed intermittent missing scale scores.
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Table 1 | Health indicators and allocated questionnaire-items used for statistical analyses
Item

Source

Physical Functioning
Light housework/household jobs

RSCL activity level

Heavy housework/household jobs

RSCL activity level

Go shopping

RSCL activity level

Usual activities

EQ-5D

Mobility
Care for myself

RSCL activity level

Walk about the house

RSCL activity level

Climb stairs

RSCL activity level

Walk out of doors

RSCL activity level

Mobility

EQ-5D

Social Functioning
Limiting social activities

EORTC QLQ-C30 social functioning

Limiting family life

EORTC QLQ-C30 social functioning

Depression
Anxiety

RSCL psychological distress

Tension

RSCL psychological distress

Worrying

RSCL psychological distress

Nervousness

RSCL psychological distress

Despairing about the future

RSCL psychological distress

Depressed mood

RSCL psychological distress

Irritability

RSCL psychological distress

Anxiety / Depression

EQ-5D

Listlessness
Lack of energy

RSCL physical symptom distress

Tiredness

RSCL physical symptom distress

Difficulty concentrating

RSCL physical symptom distress

Shortness of breath

RSCL physical symptom distress

Difficulty sleeping

RSCL physical symptom distress

Decreased sexual interest

RSCL physical symptom distress

Sickness
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Nausea

RSCL physical symptom distress

Vomiting

RSCL physical symptom distress

Lack of appetite

RSCL physical symptom distress

Acid indigestion

RSCL physical symptom distress

Diarrhea

RSCL physical symptom distress
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Item

Source

Pain
Low back pain

RSCL physical symptom distress

Sore muscles

RSCL physical symptom distress

Pain / Discomfort

EQ-5D

Pain in the bones

Developed specifically for DBMS

Treatment related symptoms
Painful skin

Developed specifically for DBMS

Itching

Developed specifically for DBMS

Sore mouth/pain when swallowing

RSCL physical symptom distress

Dry mouth

RSCL physical symptom distress

Headaches

RSCL physical symptom distress

Burning/sore eyes

RSCL physical symptom distress

Dizziness

RSCL physical symptom distress

Tingling hands or feet

RSCL physical symptom distress

Shivering

RSCL physical symptom distress

Loss of hair

RSCL physical symptom distress

Constipation

RSCL physical symptom distress

5

Notes: RSCL = Rotterdam Symptom Checklist; EORTC QLQ-C30 = European Organization for Research and
Treatment of Cancer, Quality of Life Questionnaire C30; EQ-5D = health outcome instrument of the EuroQol group;
DBMS = Dutch Bone Metastasis Study.

Statistical Procedure
Structural equation modeling (SEM) was used to detect response shift and to assess true
change (Oort, 2005). To handle missing data due to attrition the procedure was extended
to a multigroup approach, in which we distinguish three groups based on their pattern of
missingness: short survival (3-5 measurements), medium survival (6-12 measurements), and
long survival (>12 measurements). This enables to incorporate data from patients with different
attrition rates. The SEM-procedure included the following steps: (1) establishing an appropriate
measurement model, (2) fitting a model of no response shift, (3) detection of response shift,
and (4) assessment of true change. These steps are based on the proposed SEM-procedure as
described by Oort (2005), but here the modeling procedure is modified to enable measurement
bias detection in a multigroup model with data from 3, 6 and 13 measurements respectively.
Step 1: Measurement Model. The Measurement Model was established on the basis of
results of exploratory factor analyses of the present data (exploratory results of the first
measurement occasion were confirmed at subsequent measurement occasions), and substantive
considerations. The complete longitudinal factor model consists of equivalent factor structures
at thirteen consecutive measurement occasions, and includes all longitudinal relations between
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common factors, and all longitudinal relations between the same residual factors across time.
To reduce the complexity of the model (i.e., the number of parameter estimates), Kronecker
product restrictions were imposed on residual factor variances and covariances to profit from the
multivariate longitudinal structure of the data. This restriction entails that the changes in residual
factor variances and covariances across occasions are proportionate for all residual factors. The
resulting longitudinal three-mode model (L3MM; Oort, 2001) is more parsimonious and has
attractive interpretation. The imposition of these restrictions has previously been illustrated in
a subset of the current data (Verdam & Oort, 2015b). The Measurement Model has no equality
constraints across occasions or survival groups.
Step 2: No Response Shift Model. To assess the occurrence of response shift a model of no
response shift is fitted to the data, where the model parameters that are associated with responseshift effects (factor loadings and intercepts) are constrained to be equal across measurement
occasion and survival group (for ease of presentation restrictions on residual variances are not
considered here). Thus, instead of estimating all factor loadings separately for each measurement
occasion and each survival group (9 factor loadings at 3, 6 and 13 measurements respectively),
we now only estimate 9 factor loadings that are constrained to be invariant across measurement
occasions and survival groups. Instead of estimating all intercepts separately (8 intercepts at 3, 6
and 13 measurements respectively), we only estimate 8 invariant intercepts. Equality constraints
across survival groups enable the investigation of differences in the occurrence of response shift
between patients with different attrition rates. The occurrence of response shift can be assessed
by comparing model fit of this restricted model to the model fit of the model with no equality
constraints across occasions or groups. When there is no significant deterioration in model fit,
the No Response Shift Model can be retained.
Step 3: Response Shift Model. Detection of response shift was done through step-by-step
modification of the No Response Shift Model, resulting in a model where all apparent response
shifts are accounted for. Response shift is operationalized as across-measurement differences
between patterns of common factor loadings (reconceptualization), values of common factor
loadings (reprioritization), and differences between intercepts (recalibration). Differences
across groups may indicate a differential response-shift effect between survival groups. The stepby-step modification of the No Response Shift Model was conducted using an iterative procedure
where the response-shift parameters associated with reconceptualization, reprioritization and
recalibration were freely estimated across measurements and groups for all indicators. Thus, in
the first iteration we fitted three models (for each type of response shift) per indicator, resulting
in 24 separate models. The model that yielded the largest improvement in model fit was further
investigated to determine whether the improvement in fit occurred because of differences
across measurements, differences across groups, or both. The response-shift effects and group
differences that were found were accounted for by incorporating them in the model.
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Step 4: True change. True change was assessed in the model where all apparent response shifts
are accounted for. Latent trajectories were inspected by plotting latent factor means across time.
Tests of invariance and confidence intervals were used to evaluate differences in common factor
means across measurement occasions and between survival groups. To evaluate the impact of
response shift on the assessment of change, we inspected the trajectories of common factor
means, before and after taking response shift effects into account.
Statistical Analysis
Structural equation models were fitted to the means, variances and covariances of the eight
observed health indicators at 3, 6 and 13 measurement occasions (short, medium and long
survival groups respectively; and 24, 48 and 104 observed variables) using OpenMx (Boker et
al., 2011). To achieve identification of all model parameters, scales and origins of the common
factors were established in Step 1 by fixing the factor means at zero and the factor variances
at one. In Step 2 only for first occasion (T0; baseline) of the short survival group (G1) factor
means and variances are fixed; factor means and variances at follow-up occasions (T1 to T12)
and medium and long survival groups (G2 to G3) are then identified by constraining intercepts
and factor loadings to be equal across assessment and group. Identification of the L3MM
restricted residual variances and covariances was achieved by fixing one element of the matrices
that feature in these L3MM restrictions to one (for more details on identification restrictions in
the L3MM the reader is referred to Oort (2001)).
To evaluate goodness-of-fit the chi-square test of exact fit (CHISQ) was used, where a
significant chi-square indicates a significant difference between model and data. However, chisquare values increase with larger sample sizes and more parsimonious models. Alternatively,
the root mean square error of approximation (RMSEA; Steiger & Lind, 1980; Steiger, 1990)
was used, where RMSEA values below .05 indicate ‘close’ approximate fit and values below .08
indicate ‘reasonable’ approximate fit (Browne & Cudeck, 1992). Additionally, the expected
cross-validation index (ECVI; Browne & Cudeck, 1989) was used to compare different models
for the same data, where the model with the smallest ECVI indicates the model with the best fit.
For both the RMSEA and ECVI 95% confidence intervals were calculated using the program
NIESEM (Dudgeon, 2003).
Moreover, to evaluate differences between hierarchically related models the chi-square
difference test (CHISQdiff) can be used, where a significant chi-square difference indicates a
significant difference in model-fit. However, to reduce the dependency on sample size and to
account for model parsimony, we also considered the difference in ECVI values (ECVIdiff). The
ECVI difference test can be used to test the difference in approximate model fit. The difference
in ECVI is significant when the lower bound of the confidence interval around the value of the
ECVI difference is larger than zero. In the specification search for measurement bias, model
comparison will be evaluated using a conservative significance level of 0.1%.
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Results
The percentage of missing data due to attrition after the 3rd, 6th and 13th measurement occasion
was 11%, 24% and 41% respectively. Table 2 gives baseline and follow-up means and standard
deviations of all scales used to measure HRQL, for all survival groups. Demographics and
clinical characteristics for all survival groups are given in Table 3. Patients in the long survival
group show a lower pain-score and higher Karnofsky score than patients in the short and
medium survival group, indicating that these patients already have better health-status at the
start of treatment. There are relatively more patients with lung cancer in the short and medium
survival groups as compared to the long survival group, and there are relatively more women
in the long survival group as compared to the short and medium survival groups. This might
indicate that patients with lung cancer show a more severe disease trajectory as compared to
patients with breast cancer or prostate cancer. There were no significant differences between the
groups with regard to age, randomization to treatment arm, number of metastases or treatment
site. Taken together, these results indicate that attrition is related to demographic and clinical
characteristics that might affect HRQL. Therefore, it is important to take into account attrition
when investigating changes in HRQL and possible response shift effects.
Table 2 | Means and standard deviations of HRQL scale scores at baseline and follow-up assessments for
the short survival, medium survival and long survival group
PF

MB

SF

DP

LS

PA

SI

SY

Mean
(SD)

Mean
(SD)

Mean
(SD)

Mean
(SD)

Mean
(SD)

Mean
(SD)

Mean
(SD)

Mean
(SD)

3.07

2.13

2.25

1.98

2.28

2.77

1.60

1.46

(0.99)

(0.86)

(0.95)

(0.80)

(0.66)

(0.67)

(0.56)

(0.37)

3.19

2.26

2.28

2.01

2.35

2.65

1.76

1.49

(0.99)

(0.90)

(0.91)

(0.74)

(0.63)

(0.72)

(0.62)

(0.35)

3.34

2.49

2.40

2.03

2.37

2.54

1.78

1.47

(0.90)

(0.93)

(0.95)

(0.80)

(0.65)

(0.68)

(0.62)

(0.38)

2.91

1.99

2.16

1.96

2.25

2.73

1.49

1.44

(1.00)

(0.84)

(0.89)

(0.69)

(0.60)

(0.63)

(0.48)

(0.37)

3.04

2.08

2.16

1.87

2.28

2.52

1.62

1.47

(0.97)

(0.88)

(0.91)

(0.69)

(0.62)

(0.64)

(0.54)

(0.37)

3.12

2.15

2.22

1.86

2.32

2.51

1.68

1.46

(0.96)

(0.87)

(0.94)

(0.65)

(0.59)

(0.66)

(0.51)

(0.34)

Short survival group
Baseline
Week1
Week2

Medium survival group
Baseline
Week1
Week2
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Week3
Week4
Week5

3.16

2.23

2.29

1.84

2.33

2.42

1.69

1.46

(0.94)

(0.91)

(0.97)

(0.63)

(0.61)

(0.66)

(0.58)

(0.35)

3.23

2.30

2.37

1.91

2.40

2.47

1.71

1.45

(0.94)

(0.94)

(1.01)

(0.70)

(0.62)

(0.66)

(0.59)

(0.37)

3.28

2.40

2.45

1.96

2.41

2.43

1.72

1.51

(0.91)

(0.94)

(1.10)

(0.76)

(0.61)

(0.72)

(0.62)

(0.40)

Long survival group
Baseline

2.55
(1.03)

1.75
(0.79)

1.97
(0.85)

1.87
(0.68)

2.05
(0.58)

2.56
(0.65)

1.37
(0.41)

1.35
(0.31)

Week1

2.62
(1.03)

1.80
(0.83)

1.94
(0.84)

1.78
(0.64

2.05
(0.56)

2.39
(0.61)

1.47
(0.49)

1.36
(0.31)

Week2

2.63
(1.03)

1.82
(0.85)

1.93
(0.87)

1.76
(0.66)

2.04
(0.59)

2.30
(0.62)

1.52
(0.52)

1.35
(0.29)

Week3

2.64
(1.05)

1.83
(0.84)

1.95
(0.90)

1.75
(0.67)

2.03
(0.58)

2.23
(0.60)

1.51
(0.54)

1.34
(0.30)

Week4

2.63
(1.05)

1.80
(0.83)

1.95
(0.89)

1.74
(0.69)

2.02
(0.59)

2.17
(0.64)

1.47
(0.49)

1.34
(0.30)

Week5

2.60
(1.03)

1.77
(0.83)

1.95
(0.90)

1.70
(0.66)

2.00
(0.59)

2.14
(0.63)

1.42
(0.45)

1.34
(0.30)

Week6

2.61
(1.06)

1.78
(0.83)

1.93
(0.90)

1.70
(0.67)

1.98
(0.59)

2.13
(0.64)

1.40
(0.44)

1.33
(0.30)

Week7

2.59
(1.06)

1.76
(0.84)

1.92
(0.90)

1.68
(0.67)

1.98
(0.61)

2.13
(0.63)

1.38
(0.44)

1.34
(0.32)

Week8

2.57
(1.06)

1.77
(0.86)

1.93
(0.90)

1.69
(0.69)

1.97
(0.61)

2.12
(0.66)

1.38
(0.45)

1.33
(0.32)

Week9

2.59
(1.06)

1.78
(0.86)

1.95
(0.93)

1.69
(0.67)

1.97
(0.61)

2.13
(0.65)

1.38
(0.44)

1.33
(0.33)

Week10

2.60
(1.06)

1.80
(0.87)

1.95
(0.92)

1.71
(0.71)

1.99
(0.63)

2.14
(0.67)

1.38
(0.45)

1.34
(0.34)

Week11

2.62
(1.07)

1.81
(0.87)

1.96
(0.93)

1.72
(0.72)

2.00
(0.66)

2.15
(0.68)

1.38
(0.44)

1.35
(0.34)

Week12

2.63
(1.06)

1.83
(0.91)

1.99
(0.94)

1.73
(0.73)

2.00
(0.64)

2.16
(0.68)

1.40
(0.47)

1.35
(0.34)

5

Notes: PF = physical functioning, MB = mobility, SF = social functioning, DP = depression, LS = listlessness, PA =
pain, SI = sickness, and SY = treatment related symptoms. All scale scores range from 1 to 4. Sample size short survival,
medium survival and long survival group are n = 144, n = 203 and n = 682 respectively.
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Table 3 | Demographics and clinical characteristics of all three survival groups (N=1029)

Age

Short survival
(n=144)

Medium survival
(n=203)

Long survival
(n=682)

Mean
[range]

SD

Mean
[range]

SD

Mean
[range]

SD

66.13

9.63

64.27

12.09

64.23

11.53

[38-85]
Pain score*

6.52

[32-89]
2.02

[2-10]
Karnofsky score*

66.06

Type of cancer

1.95

[3-10]
15.66

[30-100]
N

6.69

[33-90]

69.25
N

2.01

[2-10]
15.00

[20-100]
%

6.05
74.76

14.73

[20-100]
%

N

%

*

Breast

38

26.4

63

31.0

321

47.1

Prostate

25

17.4

33

16.3

181

27.8

Lung

53

36.8

75

36.9

106

15.5

Other

28

19.4

32

15.8

74

10.9

Male

93

64.6

119

58.6

328

48.1

Female

51

35.4

84

41.4

354

51.9

Single fraction

71

49.3

105

51.7

343

50.3

Multiple fractions

73

50.7

98

48.3

339

49.7

Gender

*

Treatment arm

Number of metastases
One

127

88.2

178

87.7

609

89.3

Two

16

11.1

21

10.3

70

10.3

Three or Four

1

0.7

3

1.5

2

0.3

Spine

55

38.2

65

32.0

252

37.0

Pelvis

56

38.9

73

36.0

272

39.9

Treatment site

*

Femur

12

8.3

20

9.9

67

9.8

Ribs

16

11.1

19

9.4

61

8.9

Humerus

11

7.6

19

9.4

29

4.3

Other

13

9.0

33

16.3

74

10.9

Significant differences (p < .05) between survival groups analyzed with ANOVA or chi-square test.
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Measurement Model
Substantive considerations and results of factor analyses were used to arrive at the Measurement
Model in Figure 1. The squares represent observed variables (scale scores), the circles on the
top represent the common factors functional limitations (FUNC) and health impairments
(HEALTH), and the circles at the bottom represent residual factors. Functional limitations is
measured by three observed variables, health impairments is measured by six observed variables,
with one observed variable in common. Classification of the common factors was based on
the International Classification of Functioning, Disability and Health from the World Health
Organization (WHO, 2002) that provides a framework for the description of health and healthrelated states. In this framework, the term functioning refers to all body functions, activities
and participation, while disability refers to impairments, activity limitations and participation
restrictions. These concepts are covered by the two common factors functional limitations
(e.g., limitations of bodily functioning) and health impairments (e.g., health restrictions or
symptoms). As social functioning is also considered to be an important aspect of health-related
quality of life, this scale was added to the measurement and modeled to be influenced by both
functional limitations and health impairments (which agrees with participation being a factor
of both functioning and disability in the WHO framework).
The Measurement Model of Figure 1 was the basis for a structural equation model for baseline
and follow-up (T0 to T12) measurements for all survival groups with no equality constraints across
occasion or group (model 1.1). The chi-square test of exact fit was significant but the RMSEA
measure indicated close fit (CHISQ(6193) = 11171.87, p<.001; RMSEA = .049, see Table 4).
No Response Shift Model
To test for the occurrence of response-shift effects, a model of no response shift was fitted to the
data where all factor loadings and intercepts were constrained to be equal across measurement
and survival group. The No Response Shift Model yielded a chi-square test of exact fit that was
significant but the RMSEA measure indicated satisfactory fit (CHISQ(6466) = 12266.14,
p<.001; RMSEA = .051). Comparison of the No Response Shift Model to the Measurement
Model shows a significant deterioration of fit (CHISQdiff (273) = 1094.28, p<.001; ECVIdiff =
0.534, 99.9% CI: 0.345 – 0.742, see Table 4), indicating the occurrence of response-shift effects.
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No Response Shift Model

Response Shift Model

2.0

3.0

Notes: N = 1029.

6193

Measurement Model

1.0

6436

6466

Df

Model

11628.5

12266.1

11171.9

CHISQ

12.65
[12.31 ; 13.01]

[0.047 ; 0.050]

[12.86 ; 13.58]

[0.050 ; 0.053]
0.049

13.22

[12.34 ; 13.03]

[0.047 ; 0.050]
0.051

12.68

[95% CI]

[95% CI]
0.049

ECVI

RMSEA

Model 1.0

Model 2.0

Model 1.0

243

30

273

Compared to Dfdiff

Table 4 | Goodness of overall fit and difference in model fit of the models in the three-step response shift detection procedure

456.6

637.6

1094.3

CHISQdiff

[-0.13 ; 0.10]

-0.03

[0.41 ; 0.73]

0.56

[0.35 ; 0.74]

0.53

[99.9% CI]

ECVIdiff
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Figure 1 | The Measurement Model
Notes: Circles represent latent variables (common and residual factors) and squares represent observed variables (the
scale scores). FUNC = functional limitations, HEALTH = health impairments, PF = physical functioning, MB =
mobility, SF = social functioning, DP = depression, LS = listlessness, PA = pain, SI = sickness, SY = treatment related
symptoms, and Res. = Residual.

Response Shift Model
Step by step modifications yielded the Response Shift Model, which showed several cases
of response shift, as will be explained below. The fit of the Response Shift Model was good
(CHISQ(6436) = 11628.50, p<.001; RMSEA = .049), and significantly better than the fit
of the No Response Shift Model (CHISQdiff (30) = 637.64, p < .001; ECVIdiff = 0.563, 99.9%
CI: 0.412 – 0.732). Although the difference in fit between the Response Shift Model and the
Measurement Model is still statistically significant according to the chi-square difference test,
comparison of approximate fit using the ECVI difference test indicated that the models can
be considered approximately equivalent (CHISQdiff (243) = 456.64, p < .001; ECVIdiff =
-0.029, 99.9% CI: -0.134 – 0.100). All parameter estimates of the Response Shift Model that are
associated with response-shift effects are given in Table 5 and 6.
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Table 5 | Invariant parameter estimates of the Response Shift Model
HRQL-scales

Intercepts (τ)

Factor loadings (Λ)
Functional limitations

Health impairments

Physical functioning

3.03

RS

Mobility

2.12

0.71

Social Functioning

2.25

0.28

Depression

1.98

0.47

Listlessness

2.29

0.52

Pain

RS

0.42

Sickness

RS

0.40

Treatment related symptoms

1.46

0.23

0.34

Notes: RS = Response shift: intercepts of ‘pain’ and ‘sickness’ and factor loadings of ‘physical functioning’ are not
invariant across occasions and/or groups (see Table 6); N = 1029; parameter estimates are unstandardized.

Table 6 | Response-shift parameter estimates of the Response Shift Model
T0

T1

T2

T3

T4

T5

T6

T7

T8

T9

T10

T11

T12

2.37

2.38

2.38

2.38

2.38

2.38

2.38

1.63

1.63

1.63

1.63

1.61

1.60

1.61

0.92

0.92

0.92

0.92

0.92

0.92

0.92

Intercept ‘pain’
G1

2.74

2.58

2.50

G2

2.74

2.58

2.50

2.44

2.40

2.38

G3

2.74

2.58

2.50

2.44

2.40

2.38

Intercept ‘sickness’
G1

1.54

1.66

1.71

G2

1.54

1.66

1.71

1.71

1.68

1.65

G3

1.54

1.66

1.71

1.71

1.68

1.65

Factor loading ‘physical functioning’
G1

0.87

0.80

0.71

G2

0.87

0.80

0.71

0.68

0.64

0.62

G3

0.92

0.92

0.92

0.92

0.92

0.92

Notes: G1,G2,G3 = short, medium and long survival groups; N = 1029; parameter estimates are unstandardized.

Response Shift
The step-by-step modification procedure for the detection of response shift resulted in the
identification of three different response-shift effects. This procedure involved fitting a large
number of models (i.e., 24 models in the first step, 23 models in the second step, etc.) as all
invariant factor loadings and intercepts were investigated iteratively in each step. Therefore, only
the most relevant models are described below.
First, recalibration of ‘pain’ was detected, where the model with freely estimated intercepts
of ‘pain’ for all measurements and all groups resulted in the largest improvement in model fit
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(CHISQdiff (21) = 412.97, p < .001; ECVIdiff = 0.362, 99.9% CI: 0.244 – 0.501). In addition,
equality constraints on the response-shift effect estimates across groups were tenable (CHISQdiff
(9) = 9.50, p = .392; ECVIdiff = -0.008), indicating that recalibration of ‘pain’ is present in all
survival groups to the same extent. Inspection of response-shift parameters showed that the
intercept of the indicator ‘pain’ decreased over the first five measurements and stabilized around
the sixth measurement (see Table 5). Thus, compared to the trajectories of the other indicators
of health impairments, patients in all survival groups show a stronger decrease in pain over the
first four weeks after treatment.
Second, recalibration of ‘sickness’ was detected (CHISQdiff (21) = 182.56, p < .001; ECVIdiff
= 0.137, 99.9% CI: 0.063 – 0.232), where subsequent analyses showed that this response shift
affected all groups to the same extent (CHISQdiff (9) = 5.54, p = .785; ECVIdiff = -0.012).
Inspection of response-shift parameters showed that the intercept of the indicator ‘sickness’
increased over the first four measurements, after which it decreased and stabilized around the
seventh measurement (see Table 5). Thus, compared to the trajectories of the other indicators of
health impairments, patients in all survival groups show a temporary increase in sickness over the
first three weeks after treatment, which diminishes again around the sixth week after treatment.
Third, reprioritization response shift was detected in ‘physical functioning’ with respect to
functional limitations (CHISQdiff (21) = 93.06, p < .001; ECVIdiff = 0.050, 99.9% CI: 0.003
– 0.120). Subsequent analyses showed that this response shift was only present in the short
survival and medium survival groups (CHISQdiff (12) = 27.74, p = .006; ECVIdiff = 0.004,
99.9% CI: -0.012 – 0.046), where both groups were affected to the same degree (CHISQdiff
(3) = 8.16, p = .428; ECVIdiff = 0.002, 99.9% CI: -0.003 – 0.031). Inspection of responseshift parameters shows that the factor loading of the indicator ‘physical functioning’ decreases
over time (see Table 5). Thus, for patients with short or medium survival physical functioning
becomes less important for their functional limitations in the weeks after treatment, while for
patients with long survival the importance of physical functioning does not change over time.
True Change
Common factor means were fixed at zero for the first measurement of the short survival group
(because of identification requirements), so that the subsequent estimates serve as direct
representations of true change compared to baseline. This also enables a meaningful comparison
of common factor means across survival groups. Latent trajectories of the common factor means
of all survival groups for functional and health impairments are depicted in Figure 2 and 3
respectively. For each survival group, interrupted lines represent latent trajectories of the No
Response Shift Model and solid lines represent latent trajectories of the Response Shift Model,
where all response-shift effects are taken into account.
Inspection of latent trajectories of the common factor functional limitations (see Figure
2) shows that patients with short or medium survival show significantly more limitations over
time (CHISQdiff (2) = 34.70, p < .001; CHISQdiff (5) = 66.97, p < .001), while patients with
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long survival show a more constant trajectory, although there are significant changes across
measurement occasions (CHISQdiff (12) = 39.86, p < .001). Overall, patients with short survival
show more functional limitations than patients with medium or long survival, where patients
with long survival show the least functional limitations. If response-shift effects would not
have been taken into account, functional limitations would generally be underestimated across
measurements for all survival groups (interrupted lines).
Inspection of latent trajectories of the common factor health impairments (see Figure 3)
shows that the change over time of patients with short survival is not significant (CHISQdiff (2)
= 3.29, p = .193), while patients with medium survival show significantly more impairments
over time (CHISQdiff (5) = 18.70, p = .002), and patients with long survival show significantly
fewer impairments over time (CHISQdiff (12) = 50.42, p < .001). Again, patients with short
survival show the most health impairments and patients with long survival show the least health
impairments. As can be seen from Figure 3, if response-shift effects would not have been taken
into account, health impairments would have been underestimated across measurements, but
only for patients with medium or long survival (interrupted lines).

Figure 2 | Latent trajectories of functional limitations before and after accounting for response shift effects
Notes: Red (circles), blue (triangles) and green (blocks) lines represent parameter estimates of short, medium and
long survival groups respectively; Interrupted lines represent estimates of the No Response Shift Model and solid lines
represent estimates of the Response Shift Model, where all response shifts are taken into account.
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Figure 3 | Latent trajectories of health impairments before and after accounting for response shift effects
Notes: Red (circles), blue (triangles) and green (blocks) lines represent parameter estimates of short, medium and long
survival groups respectively; Interrupted lines represent estimates of the No Response Shift Model and solid lines represent estimates of the Response Shift Model, where all response shifts are taken into account.

Discussion
We illustrated how the multigroup SEM approach can be used for the analysis of HRQL data
from a longitudinal clinical trial with substantial missingness due to attrition. The approach
enables the analysis of data from patients with different patterns of missing data due to attrition,
and thus uses more available information than standard available techniques (e.g., analysis of
complete cases or complete measurements). By incorporating data from groups with different
attrition rates into one analysis, this approach not only allows for detection of response shift and
assessment of true change across measurements, but also for detection of differences in response
shift and true change between groups of patients with different attrition rates.
In our sample of patients with bone metastases we found that patients with short or medium
survival show a deterioration in functional limitations, while patients with long survival show a
more constant trajectory of functional limitations. For health impairments patients with short
survival show no significant change, patients with medium survival show a deterioration over
time, while patients with long survival show an improvement of health impairments over time.
These differential effects indicate that attrition is related to changes in HRQL and therefore
emphasize the importance of taking into account missingness due to attrition when analyzing
data from clinical trials. For example, when complete case analysis would have been applied
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to our sample of patients with bone metastases only the long survival group would have been
considered for analysis and the results of the short and medium survival groups would have
been ignored. Instead, by applying the multigroup SEM approach to distinguish survival groups
we were able to determine the impact of attrition on the results, thus enabling a more complete
interpretation of findings.
In addition to changes in HRQL, we also investigated response shift. In our sample of
patients with bone metastases we detected three occurrences of response shift: recalibration
response shift of the scales ‘pain’ and ‘sickness’ for all survival groups, and reprioritization
response shift of the scale ‘physical functioning’ for patients with short or medium survival.
Compared to the trajectories of the other indicators of health impairments, patients in all
survival groups showed a stronger decrease in pain over the first four weeks after treatment.
In addition, patients in all survival groups showed a temporary increase in sickness over the
first three weeks after treatment, which diminished around the sixth week after treatment.
Physical functioning became less important for patients’ functional limitations, but only for
patients with short or medium survival. A possible explanation for the response shift in pain as a
measurement of health impairments could be that the radiotherapy treatment had a larger effect
on pain compared the other indicators of health impairments. In the measurement of health
impairments, patients’ reporting of pain would then decrease relative to the other indicators. A
possible explanation for the response shift in sickness could be that patients experienced sideeffects from radiotherapy and that symptoms related to sickness were relatively more prevalent
than the other symptoms. As these side-effects usually disappear after a few weeks, this could
explain the subsequent decrease in the reporting of sickness relative to the other symptoms.
A possible explanation for the response shift in physical functioning as a measurement of
functional limitations could be that a declining health-status coincided with a coping strategy
to re-value the importance of the physical aspects of health. This could explain that this response
shift only affected patients with short or medium survival. If these response shifts would not
have been taken into account, functional limitations would generally be underestimated for
all survival groups, whereas health impairments would generally be underestimated only for
patients with medium or long survival. These occurrences of response shift and their impact
on the assessment of change both emphasize the importance of investigating response shift and
taking into account attrition when analyzing longitudinal data from clinical trials. A suggestion
for future research would be to further investigate trends in the detected response shifts to get
more insight in the development of these effects, and their impact on the changes in patients’
health-related quality of life across time.
The detection of response shift was guided by a specification search, i.e., modification of
the model to improve model fit. Such a procedure requires several decisions about model respecification. For example, a conservative significance level guards against chance findings but
might lead to overlooking interesting but statistically insignificant effects. Therefore, subjective
considerations may play a role in the specification search. The current procedure focused on
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identifying the measurement parameter that showed the largest differences between groups,
within groups over time, or both. This strategy enabled a simultaneous investigation of response
shift across occasions and differences in response shift across groups. However, different
strategies might be used where differences across group or over time would be prioritized over
the other, and different strategies might lead to different results. For example, when different
model constraints show statistically equivalent improvement in model fit, a subjective decision
is required as to which constraint is indicative of response shift. This may lead to different results
as choosing to release one constraint may resolve problems that also underlie the competing
constraint. In our analysis all three response shifts that were detected showed not only to be
statistically significant but could also be substantively interpreted. Moreover, in each step
we considered competing models to ensure the robustness of the resulting model (i.e., that
effects would not disappear in a subsequent step when another response shift was considered
first). These decisions require subjective judgment, but are a necessary part of any statistical
modeling procedure to ensure substantive interpretation of findings. It is therefore important
to emphasize that the specification search should not only be statistically driven, but also driven
by substantive theory.
In the present study we applied the multigroup SEM approach to take attrition into
account in the investigation of changes in HRQL and detection of response shift effects.
This approach can be extended to investigate groups of patients that are distinguished based
on other characteristics. For example, analyses could be based on individual (e.g., gender, age,
mood, expectations), clinical (e.g., tumor site, disease stage, treatment), or environmental (e.g.,
culture, language) characteristics. Moreover, patients’ characteristics could be included in the
analyses as explanatory variables to investigate their impact on HRQL trajectories. Application
of statistical techniques that enable a more complete interpretation of findings will ultimately
enhance our understanding of changes in HRQL, for all groups of patients.
In conclusion, when analyzing longitudinal data with substantial amounts of missing data
due to attrition it is important to make use of all available information. The multigroup SEM
approach enables the analysis of data from patients with different patterns of missing data due to
attrition, therefore using more available information than standard techniques. Consequently,
interpretation of findings is enhanced because possible differences between groups in the
occurrence of response shift can be detected and taken into account to obtain a more valid
assessment of true change. Moreover, in the assessment of true change a comparison can be made
between the latent trajectories of groups of patients with different attrition rates. Therefore,
the multigroup SEM approach may be a valuable technique to advance the interpretation of
findings from longitudinal clinical trials.
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CHAPTER 6
Using Structural Equation Modeling to Detect
Response Shifts and True Change in Discrete Variables:
An Application to the Items of the SF-36

The structural equation modeling (SEM) approach for detection of response shift (Oort,
2005) is especially suited for continuous data, e.g., questionnaire scales. The present
objective is to explain how the SEM approach can be applied to discrete data, and to
illustrate response shift detection in items measuring health-related quality of life
(HRQL) of cancer patients. The SEM approach for discrete data includes two stages:
(1) establishing a model of underlying continuous variables that represent the observed
discrete variables, (2) using these underlying continuous variables to establish a common
factor model for the detection of response shift, and to assess true change. The proposed
SEM approach was illustrated with data of 485 cancer patients whose HRQL was
measured with the SF-36, before and after start of antineoplastic treatment. Response
shift effects were detected in items of the subscales mental health, physical functioning,
role limitations due to physical health, and bodily pain. Recalibration response shifts
indicated that patients experienced relatively fewer limitations with “bathing or dressing
yourself ” (effect size d = 0.51) and less “nervousness” (d = 0.30), but more “pain” (d
= -0.23) and less “happiness” (d = -0.16) after antineoplastic treatment as compared
to the other symptoms of the same subscale. Overall, patients’ mental health improved,
while their physical health, vitality, and social functioning deteriorated. No change was
found for the other subscales of the SF-36. The proposed SEM approach to discrete data
enables response shift detection at the item level. This will lead to a better understanding
of the response shift phenomena at the item-level and therefore enhances interpretation of
change in the area of HRQL.

This chapter is based on: Verdam, M. G. E., Oort, F. J., & Sprangers, M. A. G. (2016). Using
structural equation modeling to detect response shifts and true change in discrete variables:
An application to the items of the SF-36. Quality of Life Research, 25, 1361-1383.
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Introduction
Assessment of change in health-related quality of life (HRQL) is important for determining the
clinical effectiveness of treatment, as well as for monitoring wellbeing of individual patients over
time. However, comparison of HRQL-scores across time may be invalidated by the occurrence
of ‘response shift’. Response shift refers to a change in respondents’ frames of reference that
hinders a meaningful comparison of questionnaire-scores across time. Three different types
of response shift are distinguished: recalibration, reprioritization and reconceptualization
(Sprangers & Schwartz, 1999).
Several methodological approaches have been developed for the detection of response shift
in HRQL outcomes (Schwartz & Sprangers, 1999), among which are statistical approaches such
as structural equation modeling (SEM) (Oort, 2005). Advantages of the SEM approach are that
it allows for the operationalization of all three types of response shift, and that possible response
shift effects can be taken into account to assess ‘true’ change. Within the SEM framework,
the observed scores (e.g., questionnaire scales) are modelled to be reflective of an underlying
unobserved latent variable or common factor (e.g., HRQL). The means and covariances of the
observed variables (y) are then given by:
Mean(y) = μ = τ + Λ κ,

(1)

Cov(y,y’) = Σ = Λ Φ Λ’ + Θ,

(2)

and:
where τ is a vector of intercepts, Λ is a matrix of common factor loadings, κ is a vector of
common factor means, Φ is a matrix containing the variances and covariances of the common
factors, Λ’ denotes the transpose of Λ, and Θ is a matrix containing the variances and
covariances of the residual factors. When SEM is applied to longitudinal data, response shift
can be operationalized using SEM parameter estimates, where changes in the pattern of factor
loadings (i.e., the pattern of Λ indicates which of the factor loadings are free to be estimated)
are indicative of reconceptualization, changes in the values of factor loadings are indicative of
reprioritization, and changes in intercepts and residual variances are indicative of uniform and
nonuniform recalibration respectively (see Oort 2005 for more details).
The SEM method is especially suited to detect response shift and assess true change in
continuous data. The objective of the present paper is twofold. First, we will explain how to
analyse discrete data, e.g., ordinal item responses, using the SEM approach. We will show that the
model of Equations (1) and (2) can still be used, but that the SEM approach needs to be extended
to include a modeling stage in which the observed discrete ordinal variables are modelled to be
reflective of underlying continuous variables (Stage 1). Stage 1 yields estimates of means and
variances and covariances that can be used for the detection of response shift and assessment of
true change in Stage 2. Second, we will apply the proposed SEM approach to the discrete ordinal
item responses of the SF-36 questionnaire (Ware, Snow, Kosinski, & Gandek, 1993) that were
obtained from 485 cancer patients, before and after start of antineoplastic treatment.
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SEM Approach for Discrete Data
One of the underlying assumptions of SEM with maximum likelihood (ML) estimation is that
the scores of the observed variables follow a multivariate normal distribution. In the case of
discrete variables this assumption is not met, as the responses are limited to a small number of
values (e.g., two, three or four response categories). To enable analysis of discrete data, we need
to assume that the observed ordinal variables are representations of continuous underlying
variables, where lower categories of the observed ordinal variable are related to lower scores
on the continuous underlying variable, and vice versa. The model of continuous underlying
variables (y*) yields estimates of means (μy*) and variances and covariances (Σy*), which can be
used in subsequent SEM analyses. SEM with discrete data has been explained elsewhere (e.g.,
Christofferson, 1975; Muthén, 1978, 1983, 1984; Olsson, 1979; Jöreskog, 1990, 1994). Table
1 gives an overview of the SEM approach for discrete data that is used in the present paper,
including short descriptions of each step of the approach, the statistical procedures, and the
item- and scale-characteristics that are required to perform the associated statistical analyses.
The steps in Stage 1 and Stage 2 of the SEM approach are similar, but in Stage 1 we operate
under the assumption of multivariate normality and investigate the relation of observed scores
with single underlying variables, and in Stage 2 we operate under the common factor model and
investigate the relation with underlying common factors. Figure 1 shows the Stage 1 and Stage
2 models for an example of five observed discrete ordinal variables measured at two occasions.
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Test the assumption of invariance of
thresholds across occasions for each
discrete ordinal variable4

Investigate recalibration response
shift as indicated by non-invariance of
thresholds across occasions in the Stage 1
measurement model

Assess differences in estimated means
of the underlying variables (i.e., true
change) across measurement occasions

Step 2

Step 3

Step 4

How

𝜎𝜎

𝜎𝜎

Step 1

Test the common factor model by
fitting it to the means, variances, and
covariances of continuous scores y*
obtained in Stage 1.

What

!!"##

𝜇𝜇!

Requirements

Applicable
only with 4 or
more response
categories6

Applicable
only with 4 or
more response
categories5

Applicable
only with 3 or
more response
categories3

Application

The chi-square test can be used to evaluate exact goodness-of-fit, where a significant
Applicable only
chi-square indicates a significant difference between data and model. The RMSEA value with 3 or more
can be used as a measure of approximate goodness-of-fit, where values below .08 indicate variables7
‘reasonable’ approximate fit and below .05 ‘close’ approximate fit (Browne & Cudeck,
1992). The hypothesis of close fit can be evaluated using the 90% confidence intervals of
the RMSEA value.

How

!
𝜇𝜇𝜇𝜇
! and 𝜇𝜇!

Applicable
, where
are the estimated means of
The effect size can be estimated by d =
𝜎𝜎
+ 𝜎𝜎
only with 2 or
the underlying variables y* at occasions𝜇𝜇1! and 2,!!,!!and𝜇𝜇𝜎𝜎! !"## is 𝜎𝜎given by
more response
!
𝜎𝜎!!,!!𝜎𝜎 ! and 𝜎𝜎
𝜎𝜎
!
!
𝜎𝜎!!,!!
+ 𝜎𝜎!!,!!
− 2𝜎𝜎!!,!! ), where variances
!!,!! , and covariance !!,!! are elements from
!!,!!
categories
Step 2.
the
estimated covariance matrix Σ!∗ , 𝜎𝜎as! implied by the final model from
Σ
!
!!"##

!! !!!

To investigate whether the non-invariance of thresholds can be attributed to specific
threshold parameters, the tenability of the equality restrictions across measurement
occasions can be evaluated further. For example, by testing the invariance of individual
thresholds. The LR test statistics can be used to test the difference in exact fit, and the
ECVI difference can be used to test the difference in approximate fit.

The difference in LR test statistics can be used to test the difference in exact fit
( Jöreskog, 2002). The expected cross validation index (ECVI; Browne & Cudeck, 1989)
can be used to test the difference in approximate fit, where a value that is significantly
larger than zero indicates that the more restricted model (i.e., the model with equality
constraints on the thresholds) has significantly worse approximate fit.

The likelihood ratio (LR) test statistic can be used to test the hypothesis of underlying
bivariate normal distributed continuous variables. The LR test is a test of exact fit2, the root
mean square error of approximation (RMSEA) can be used to evaluate approximate fit,
with the criterion that RMSEA values should not be larger than 0.1 (Jöreskog, 2002).

Stage 2 Measurement model: Continuous scores y* are explained by a common factor model.

Test the assumption of underlying,
bivariate normally distributed
continuous scores for each pair of
discrete ordinal variables1

Step 1

What

Stage 1 Measurement model: Observed discrete ordinal scores x are representations of underlying, continuous scores y*

Table 1 | Stage 1 and Stage 2 of the SEM approach for discrete data
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Step 4

Stage 2

Investigate recalibration, reprioritization,
and reconceptualization response
shift as indicated by non-invariance of
intercepts, factor loading values, and
factor loading patterns across occasions
in the Stage 2 measurement model

Step 3

Applicable only
with 2 or more
variables8

Improvement in model fit for each modification can be tested using the chi-square
Applicable only
!
𝜑𝜑!!,!!
difference
test
𝜇𝜇! −
𝜇𝜇! to evaluate differences in exact fit and the ECVI difference test to evaluate with 2 or more
𝜇𝜇! − 𝜇𝜇!
𝜎𝜎!"##
𝜑𝜑!!,!!
differences
in approximate fit. 𝜎𝜎In
addition, the final model can be compared to the 𝜇𝜇! − 𝜇𝜇! variables9
!"##
𝜇𝜇! − 𝜇𝜇!
𝜇𝜇
−
𝜇𝜇
𝜎𝜎!"##
Measurement
Model to!test! equivalence
of exact and approximate fit.
𝜎𝜎!"##
𝚽𝚽

!
𝜑𝜑!!,!!

The chi-square difference test can be used to test the difference in exact fit, where a
𝜇𝜇! − 𝜇𝜇!
significant chi-square difference indicates
that the No Response Shift Model (with
𝜎𝜎!"##
invariance restrictions imposed) has significantly worse fit as compared to the
𝜎𝜎!"##
Measurement Model (without invariance restrictions). The ECVI difference can be used
to test equivalence in approximate𝜑𝜑!!,!!
!model! fit.
+ 𝜑𝜑!!,!! − 2𝜑𝜑!!,!!
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(𝛬𝛬! 𝜅𝜅! )

((𝛬𝛬! − 𝛬𝛬! )𝜅𝜅! )

(𝜏𝜏! − 𝜏𝜏! )
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Measurement model: Continuous scores y* are𝜎𝜎explained
by a common
factor
model.
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What
How
Application
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!!,!!
!!,!!
𝜑𝜑!!,!!
!
!
𝜇𝜇 − 𝜇𝜇!
𝜑𝜑 !
𝜑𝜑!!,!!
𝜑𝜑!!,!!
!
!
𝚽𝚽 by d = !
𝜎𝜎!"## is given by 𝜑𝜑!!,!!
!
+ 𝜑𝜑!!,!!
− 2𝜑𝜑!!,!! . The variances 𝜑𝜑!!,!!
, where
estimated
with 2 or more
the common factors (i.e., true change)
!!,!!
𝜑𝜑𝜑𝜑!!,!!
!!!,!!
𝜎𝜎!"## 𝜑𝜑!!,!! 𝚽𝚽
𝜑𝜑!!,!!
!
𝚽𝚽 !of
𝜑𝜑
and 𝜑𝜑!!,!!
,
and
covariance
are
elements
from
the
estimated
covariance
matrix
variables
across measurement occasions.
𝜇𝜇! − 𝜇𝜇! = 𝜏𝜏! − 𝜏𝜏! + ((𝛬𝛬!!!,!!
− 𝛬𝛬! )𝜅𝜅! ) + 𝛬𝛬! 𝜅𝜅!
𝜑𝜑
!!,!!
𝜇𝜇! − 𝜇𝜇! = 𝜏𝜏! − 𝜏𝜏! + ((𝛬𝛬
𝜑𝜑𝚽𝚽!!,!!
! − 𝛬𝛬! )𝜅𝜅! ) + 𝛬𝛬! 𝜅𝜅!
𝜎𝜎!"## 𝚽𝚽
𝜑𝜑!!!,!!
𝜑𝜑!!,!!
the
final
model
from
Step
3.
𝜇𝜇! − 𝜇𝜇! = 𝜏𝜏! − 𝜏𝜏! + ((𝛬𝛬! − 𝛬𝛬! )𝜅𝜅! ) + 𝛬𝛬! 𝜅𝜅!
𝜑𝜑!!,!!(𝜇𝜇 − 𝜇𝜇 )
𝚽𝚽
Decompose change in the means of
𝜑𝜑!!,!!
𝜇𝜇! − 𝜇𝜇! = 𝜏𝜏!! − 𝜏𝜏!! + ((𝛬𝛬! −𝜇𝜇𝛬𝛬!!−
)𝜅𝜅𝜇𝜇!!) +
𝜅𝜅 𝜇𝜇 )
(𝜇𝜇𝛬𝛬
!) + 𝛬𝛬! 𝜅𝜅!
!−
𝚽𝚽
=
! 𝜏𝜏
! !−!𝜏𝜏! + ((𝛬𝛬! − 𝛬𝛬! )𝜅𝜅
𝜑𝜑!!!,!!
𝚽𝚽
! of the
! observed variables can
Change
in
the
means
be
decomposed
as
follows:
the continuous variables y* across
𝜑𝜑
+
𝜑𝜑
−
2𝜑𝜑
(𝜇𝜇
𝜇𝜇
−
𝜇𝜇
=
𝜏𝜏
−
𝜏𝜏
+
((𝛬𝛬
−
𝛬𝛬
)𝜅𝜅
)
+
𝛬𝛬
𝜅𝜅
!!,!!
! − 𝜇𝜇! )
!!,!!
!!,!!
𝚽𝚽 (𝜏𝜏! − 𝜏𝜏! )
!
!
!
!
!
! !
! !
𝚽𝚽
(𝜇𝜇 − 𝜇𝜇 )
− 𝛬𝛬!!)𝜅𝜅
) !+)(𝜏𝜏𝛬𝛬!!−
𝜅𝜅!𝜏𝜏! )
−!𝜇𝜇
𝜑𝜑!!,!!
((𝛬𝛬!! − (𝜇𝜇
𝛬𝛬! )𝜅𝜅
effect sizes for modelled change (𝜏𝜏 − 𝜏𝜏 )
occasions into true change, recalibration 𝜇𝜇𝜇𝜇!! !−− 𝜇𝜇𝜇𝜇!! !== 𝜏𝜏𝜏𝜏!! −− 𝜏𝜏𝜏𝜏!! ++ ((𝛬𝛬
! ) + 𝛬𝛬! 𝜅𝜅! . Subsequently,
− !𝜇𝜇)!+
) 𝛬𝛬! 𝜅𝜅!
!
!
𝜇𝜇 −((𝛬𝛬
𝜇𝜇 =− 𝜏𝜏𝛬𝛬!! )𝜅𝜅
− !𝜏𝜏)! !+ ((𝛬𝛬! −(𝜇𝜇
𝛬𝛬! )𝜅𝜅
𝜑𝜑!!,!!
𝜇𝜇! − 𝜇𝜇! = 𝜏𝜏! − 𝜏𝜏! + ((𝛬𝛬! − 𝛬𝛬! )𝜅𝜅! ) + 𝛬𝛬! 𝜅𝜅!
− 𝜇𝜇𝜏𝜏!! )) ! !
(𝜏𝜏! −
((𝛬𝛬! − 𝛬𝛬! )𝜅𝜅! )
(𝜇𝜇
and
response shift, and reprioritization or
(𝜇𝜇!! − 𝜇𝜇!! ) , recalibration (𝜏𝜏! − 𝜏𝜏! ) , reprioritization
𝚽𝚽 reconceptualization
−
𝛬𝛬! )𝜅𝜅! )
((𝛬𝛬
−
𝜏𝜏
)
(𝜏𝜏
!
(𝜇𝜇! −(𝛬𝛬𝜇𝜇!!𝜅𝜅)! )
!
! change!
reconceptualization response shift10
((𝛬𝛬−
) can be calculated using the standard deviation of(𝜇𝜇! − 𝜇𝜇! )
𝜑𝜑!!,!!
!−
𝜏𝜏 𝛬𝛬
) ! )𝜅𝜅! ) and true
(𝜏𝜏
! 𝜅𝜅
((𝛬𝛬! − 𝛬𝛬(𝛬𝛬
! )𝜅𝜅
! )!
(𝜏𝜏!! − 𝜏𝜏!! )
𝜇𝜇! − 𝜇𝜇! = 𝜏𝜏! − 𝜏𝜏! + ((𝛬𝛬! − 𝛬𝛬! )𝜅𝜅! ) + 𝛬𝛬! 𝜅𝜅!
(𝛬𝛬! 𝜅𝜅! )
𝜏𝜏! ) (as in Step 4 of((𝛬𝛬
(𝜏𝜏! −𝜎𝜎!"##
! − 𝛬𝛬! )𝜅𝜅
Stage
1).!)
change
(𝜏𝜏! − 𝜏𝜏! )
(𝛬𝛬! 𝜅𝜅−
𝜑𝜑!!,!! (𝛬𝛬! 𝜅𝜅! ) 𝜎𝜎!"##
! ) 𝛬𝛬 )𝜅𝜅 )
((𝛬𝛬
((𝛬𝛬!! − 𝛬𝛬!! )𝜅𝜅!! )
(𝜇𝜇! − 𝜇𝜇! )
𝜎𝜎!"##
(𝛬𝛬
𝜅𝜅
)
((𝛬𝛬! − 𝛬𝛬! )𝜅𝜅! )
! !
((𝛬𝛬! − 𝛬𝛬! )𝜅𝜅! )
𝜎𝜎!"##
(𝛬𝛬
𝜅𝜅 )
𝜎𝜎!"##
𝚽𝚽
(𝛬𝛬!! 𝜅𝜅!! )
(𝜏𝜏! − 𝜏𝜏! )
𝜎𝜎!"##
(𝛬𝛬! 𝜅𝜅! )
(𝛬𝛬! 𝜅𝜅! )
𝜎𝜎!"##
𝜇𝜇! − 𝜇𝜇! = 𝜏𝜏! − 𝜏𝜏! + ((𝛬𝛬! − 𝛬𝛬! )𝜅𝜅! ) + 𝛬𝛬! 𝜅𝜅!
𝜎𝜎!"##
((𝛬𝛬! − 𝛬𝛬! )𝜅𝜅! )
𝜎𝜎!"##
𝜎𝜎!"##
(𝜇𝜇! − 𝜇𝜇! )
(𝛬𝛬! 𝜅𝜅! )

Test the assumption of invariance of
measurement parameters associated
with response shift across measurement
occasions
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To guard against inflation of family wise Type I error, a Bonferroni corrected significance level can be used to take into account multiple comparisons, where α* = α /(2n2 - n).

When there are only 2 response categories there is not enough information to evaluate the LR test statistic for pairs of items. One can instead test the assumption of underlying,
trivariate normally distributed continuous scores for each triplet of dichotomous variables.

That is, n tests for 2n variables.

When there are only 2 or 3 response categories there is not enough information to evaluate the difference in LR test statistic.

2

3

4

5

‘True’ change is represented by change in common factor means, recalibration is represented by change in the intercepts, and reprioritization and reconceptualization are represented
by change in the factor loadings.

When there are only 2 variables it is possible to test the invariance of intercepts but, if significant, it is not possible to identify which of the two variables has response shift.

10

9

When there are only 2, 3 or 4 response categories it is not possible to attribute possible non-invariance to a specific threshold.
7
When there are only 2 variables then we need additional restrictions on model parameters (e.g., equality restriction on factor loadings or restricting the residual covariances to zero) to
achieve identification.
8
When the variables have only 2 response categories then we cannot test the invariance of factor loadings (see Appendix 6A.4).

6

That is, 2n2 - n tests for 2n2 - n pairs of 2n variables.

1

Notes:
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Response shift and true change in discrete variables

6
Figure 1 | The models of Stage 1 and Stage 2 of the SEM approach for discrete ordinal data
Notes: The pentagons at the bottom represent observed discrete ordinal variables x1 to x5, the circles with y*1 to y*5
represent the corresponding underlying continuous variables. The same y* feature in Stage 2 (top of the figure), as the
reflective indicator variables (the circles reflect the fact that they are not directly observed). Each y* is associated with
a residual factor ε. The residual factors represent everything that is specific to the corresponding y* Residual factors of
the same variable are correlated across measurement occasion. The circles at the top are the underlying common factors
(ξ) at each measurement occasion, and represent everything that y*1 to y*5 have in common (e.g., health-related quality
of life).
In Stage 1, each observed discrete variable x is modelled to be reflective of a single underlying continuous variable .
Assuming a bivariate normal distribution for each pair of y* variables, we can estimate the means (μy*) and variances
and covariances (Σy*) on the basis of observed frequencies in the two-dimensional frequency tables of each pair of x
variables. In Stage 2, the means and variances and covariances of y* are modelled using a common factor model with
common factors ξ. Across occasion differences in estimates of measurement parameters are indicative of response shift.
Specifically, in Stage 1 we investigate invariance of thresholds, and in Stage 2 we investigate invariance of intercepts,
factor loadings, and residual variances (see also Table 1).
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Stage 1: Observed discrete ordinal scores x are representations of underlying,
continuous scores y*
Suppose we have an ordinal variable x with categories labeled 1, 2, and 3. The relations between
the observed categories of the ordinal variable and the underlying continuous variable (y*) are
defined using thresholds (δ), where:
x=1

if

y* < δ1,

x=2

if

δ1 < y* < δ2,

x=3

if

y* > δ2.

if

δi-1 < y* < δi,

In general, with m categories:
where:

x=i

(3)

(4)

δ0 → - ∞,
and
δm → + ∞.
The number of thresholds is thus equal to the number of response categories minus one. When
we assume the underlying variable to follow a standard normal distribution (i.e., with a mean
of zero and variance of one), then the threshold δi defines an area under the curve left from the
threshold that is equal to the proportion of observed responses in category i or lower (see Figure 2).
The correlations between the underlying variables can be estimated by assuming bivariate
standard normal distributions. With two ordinal variables x1 and x2, the sample observations
can be represented by a contingency table that contains the number of responses (nij) of category
i on variable x1 and category j on variable x2. When we assume bivariate normality, we can
estimate thresholds and correlations that yield expected frequencies that are as close as possible
to the observed frequencies (see Jöreskog, 2002 for more details). When both variables have
more than two response categories the correlation is called a ‘polychoric’ correlation; when
both variables have only two response categories it is called a ‘tetrachoric’ correlation. These
correlations indicate what the Pearson correlation would have been if these variables had been
measured on a continuous scale.
Step 1: Testing the underlying bivariate normality. Polychoric correlations are estimated
under the assumption of bivariate normality of the underlying continuous variables. The
tenability of this assumption can be evaluated by comparing the expected proportions under
bivariate normality to the observed sample proportions (see Table 1 for details on evaluation
of model fit). When the hypothesis of bivariate normality holds for all pairs of variables, the
assumption of multivariate normality is also supported. If the hypothesis of bivariate normality
does not hold, then this indicates that the assumption of multivariate normality is not tenable.
A possible solution for this problem is to eliminate the offending variable(s).
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Figure 2 | The estimation of thresholds (δ): Observed discrete scores x are representations of underlying
continuous scores y*
Notes: There are 20, 45 and 35% observed responses in categories 1, 2 and 3 respectively. The first threshold is located
where the area under the curve to the left of the threshold is 20% (δ1 = -0.842). The second threshold is located where
the area under the curve to the left of the threshold is 65% (δ1 = 0.385).

Step 2: Testing invariance of thresholds across measurement occasions. When the same
variables are measured repeatedly (i.e., in longitudinal assessment) the imposition of invariant
thresholds across measurement occasions is required for a common scale (see Appendix 6A.1
for more details). The tenability of this restriction can be tested for each pair of variables by
comparing the model with equality constraints on the thresholds to the Step 1 model without
equality constraints on the thresholds (see Table 1). When the difference in model fit is
significant, the hypothesis of equal thresholds across measurements must be rejected.
Step 3: Investigating possible non-invariance of thresholds. When the assumption
of invariant thresholds across measurement occasions does not hold, this can be taken as an
indication of recalibration response shift. Differences in thresholds of the same variable across
measurement occasions indicate that the association between the scores of the underlying
variable and the observed response category of that variable has changed; the underlying
variables are not measured on the same scale. Occurrence of recalibration response shift in
Stage 1 can be taken into account by allowing threshold parameters to be freely estimated across
measurement occasions.
We introduce the term recalibration response shift in Stage 1, but want to emphasize
that it is different from recalibration response shift in Stage 2. In Stage 1, differences between
111
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thresholds are detected given the model of bivariate normality of single underlying variables,
and thus recalibration response shift is defined relative to the scale of the underlying variable. In
Stage 2, differences between intercepts are detected given the common factor model and thus
recalibration response shift is defined relative to the scale of the common factor (e.g., healthrelated quality of life), and thus relative to the other variables measuring the same common factor.
To further investigate recalibration response shift, the tenability of equality restrictions on
thresholds across measurement occasions can be evaluated for each threshold separately (see
Table 1). This could give an indication as to whether the changes in the association between
the scores of the underlying variable and the observed response categories can be attributed to
a specific part of the measurement scale (e.g., non-invariance of the first threshold parameter
would indicate that there is a shift in the meaning of the response scale’s values at the lower end
of the measurement scale).
Step 4: Assessment of true change. To assess true change in the underlying variables, we
can compare estimated means of the model from Step 2 across measurement occasions (see
Jöreskog, 2002, for more details on the estimation of means of the underlying variables under
equal thresholds). As invariant thresholds are required to enable a valid comparison of means
of the underlying variables, true change can only be assessed for those variables for which
the hypothesis of equal thresholds across measurements holds. True change estimates can be
compared to observed change (i.e. the mean differences of the observed discrete variables).
Table 1 provides information on the calculation of effect size indices of change. Effect size values
of 0.2, 0.5, and 0.8 are considered ‘small’, ‘medium’, and ‘large’ (Cohen, 1988).
In other procedures for discrete data analyses the tenability of bivariate normality and
invariance of thresholds is usually assumed but not evaluated. By using the proposed four steps,
we want to show that the underlying assumptions of the model of Stage 1 can be tested (i.e.,
Steps 1 and 2), that testing these assumptions can have important consequences (i.e., selection
of items in Step 1), and may provide interesting information with regards to possible violations
of these assumptions (i.e., recalibration response shift in Step 3), which will lead to a more valid
interpretation of change (i.e., Step 4).
Stage 2: Continuous scores y* are explained by a common factor model
Σy* and μy* can be used in subsequent SEM analyses in the same way as for continuous variables,
using the four steps as proposed by Oort (2005). However, the ML estimation method cannot
be used with discrete data. One of the alternative estimation methods that can be used to yield
unbiased parameter estimates and standard errors, and appropriate goodness-of-fit measures is
the ‘weighted least squares’ (WLS; Browne, 1984) method (see Appendix 6A.2 for more details).
When there are only two observed variables (e.g., a scale that consists of only two items), or when
the observed variables are dichotomous (i.e., when analyzing a matrix of tetrachoric correlations),
the SEM approach requires additional adaptations that are explained in Appendix 6A.3 and
Appendix 6A.4 respectively.
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Step 1: Testing the measurement model. The Measurement Model is a multidimensional
model that includes multiple measurement occasions, but without any across occasion
constraints (see Figure 1 for an example of the Measurement Model with two measurement
occasions). To achieve identification of all model parameters, scales and origins of the common
factors can be established by fixing the factor means at zero and the factor variances at one. To
test whether the Measurement Model holds, goodness-of-fit can be assessed using the WLS chisquare test statistic (see Table 1).
Step 2: Testing the invariance of measurement parameters across measurement
occasions. In Step 2, a model of No Response Shift is fitted to the data, where all measurement
parameters associated with response shift are constrained to be equal across measurements.
To achieve identification of model parameters, only first occasion common factor means and
variances are fixed; factor means and variances at successive occasions are then identified due
to invariance constraints on intercepts and factor loadings. To test for the presence of response
shift, the No Response Shift Model can be compared to the Measurement Model (see Table 1).
If the invariance restrictions of the No Response Shift Model lead to a significant deterioration
in model fit, this indicates the presence of response shift.
Step 3: Investigating possible response shift effects. In case of response shift, a step-by-step
modification of the No Response Shift Model can be used to arrive at the Response Shift Model
in which all apparent response shifts are taken into account. Response shift is operationalized
as across-measurement occasion differences between the pattern of common factor loadings
(reconceptualization), values of common factor loadings (reprioritization), differences between
intercepts (uniform recalibration), and between residual variances (nonuniform recalibration).
The identification of possible response shift effects can be guided by inspection of significant
modification indices ( Jöreskog & Sorbom, 1996), correlation residuals (> .10), or by an iterative
approach where each constrained parameter associated with response shift is set free to be
estimated one at a time, and the freely estimated parameter that leads to the largest improvement
in fit is included in the model. (see Table 1 for details on model fit evaluation).
Step 4: Assessment of true change. The parameter estimates of the final model, the
Response Shift Model in which all response shifts have been taken into account, can be used for
the assessment of true change in the common factors (see Table 1).
In addition, evaluation of response shifts and true change for each individual variable can be
done using the decomposition of change as proposed by Oort (2005). The change that is modelled
using the common factor model is decomposed into change due to differences in intercepts
(i.e., recalibration), change due to differences in factor loadings (i.e., reconceptualization and
reprioritization), and change due to difference in the common factor means (i.e., true change).
Table 1 provides information on the calculation of effect size indices of change.
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Application
Patients
A total of 485 cancer patients undergoing active antineoplastic treatment were recruited in a
cancer treatment center in Amsterdam. All patients were starting a new course of chemotherapy
or radiotherapy. HRQL was assessed before the start of treatment, approximately 4 weeks after
start of treatment, and approximately 4 months after start of treatment (see Aaronson, et al.
1998 for more details on data collection). For this study, we will only use the data obtained at
baseline (pre-test) and immediate follow-up (post-test at 4 weeks). Attrition rate between the
baseline and immediate follow-up period was 7.8% (N = 38).
Measures
HRQL was assessed with the Dutch language version (Aaronson et al., 1998) of the SF-36 health
survey (Ware, et al., 1993). The items of the SF-36 health survey can be clustered into eight
subscales: Mental Health (MH; five items; six response categories), General Physical Health
(GH; five items; five response categories), Physical Functioning (PF; ten items; three response
categories), Role Limitations due to Physical Health (RP; four items; two response categories),
Bodily Pain (BP; two items; five and six response categories respectively), Social Functioning
(SF; two items; five response categories), Role Limitations due to Emotional Health (RE; three
items; two response categories), and Vitality (VT; four items; six response categories). The eight
subscales can be grouped into two summary measures: Mental Health (i.e., MH, SF, RE and
VT) and Physical Health (i.e., GH, PF, RP and BP). In addition, there is one item on Health
Comparison (HC; one item; five response categories). Item response categories were coded
such that higher scores indicate better functioning or better health. Missing item responses
(0 – 1.6%) were replaced by the nearest integer after expectation-maximization (Dempster,
Laird, & Rubin, 1977). Imputation was only considered for data of patients who had less than
8 missing item responses to warrant reliability of imputation results. The total study sample
therefore consists of 437 patients. Table 2 contains an overview of background variables and
clinical variables of the selected study sample and the group of patients that was excluded due to
attrition or due to too many missing values. There were no significant differences between the
two groups with regards to age, gender, education, marital status, primary tumor site (breast,
colorectal, lung or other), treatment modality (chemotherapy, radiotherapy, or combination
therapy), and stage of disease (local or loco-regional versus metastatic). The selected patients
showed a significantly higher Karnofsky performance (Karnofsky & Burchendal, 1949) and
relatively fewer progressive tumors as compared to the excluded patients.
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Table 2 | Background and clinical variables of the selected study sample (N = 437) and the group of
patients that was excluded due to attrition or due to too many missing values (N =49)
Variable
Age
*

Karnofsky performance

Selected study sample

Excluded sample

Mean (SD)

Mean (SD)

57.0 (12.1)

60.0 (12.0)

78.4 (13.7)

74.2 (13.0)

N (%)

N (%)

179 (41%)
256 (59%)

25 (52%)
23 (48%)

57 (13%)
186 (43%)
35 (8%)
81 (19%)
45 (10%)
29 (7%)

7 (15%)
19 (40%)
3 (6%)
8 (17%)
5 (10%)
6 (13%)

33 (8%)
331 (77%)
30 (7%)
38 (9%)

5 (10%)
37 (77%)
2 (4%)
4 (8%)

158 (36%)
105 (24%)
130 (30%)
44 (10%)

12 (25%)
12 (25%)
20 (42%)
4 (8%)

220 (50%)
203 (47%)
12 (3%)

23 (48%)
25 (52%)
0 (0%)

260 (60%)
171 (40%)

23 (48%)
25 (52%)

44 (10%)
79 (18%)
311 (72%)

14 (48%)
5 (17%)
10 (35%)

Gender
Men
Women
Education
Primary school
Lower secondary school
Higher secondary school
MBO
HBO
University
Marital status
Alone
Married
Divorced
Widowed
Tumor site
Breast
Colorectal
Lung
Other
Treatment modality
Radiotherapy
Chemotherapy
Combination therapy
Stage of disease
Local / Loco-regional
Metastatic
Tumor response*
Progressive
Regressive
No response

6

Notes: significant differences between the selected study sample and the excluded sample were evaluated
with independent sample t-tests for continuous variables and chi-square test statistics for categorical variables.
*
indicates that differences between the groups were significant at alpha = 0.05.
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Procedure
The SEM approach for discrete data was applied to all items of the SF-36. In order to reduce
model complexity and facilitate interpretation of results, analyses were done for each subscale
of the SF-36 separately. The information provided in the SF-36 manual about the clustering
of items and published results of principal components analyses of the SF-36 (Ware et al.,
1993) were used to establish the Measurement Model of each subscale. Response shift was
operationalized as across-occasion differences between the values of common factor loadings
(reprioritization), and differences between intercepts (uniform recalibration). An iterative
procedure was used to investigate possible response shift effects, where the across occasion
constraints on the parameters associated with response shift were freed one at a time. The freely
estimated parameters that were associated with the largest improvement in model fit were
included in the model. Reconceptualization response shift was investigated by checking the
significance of factor loading parameters (i.e., an item with an insignificant factor loading is not
indicative of the common factor). Reconceptualization response shift due to other factors (e.g.,
other subscales, demographic or clinical variables) was not investigated. The investigation of
differences between residual variances (nonuniform recalibration) is straightforward and does
not require adaptations to the response shift detection procedure. As the residual factors do not
affect assessment of true change, the residual variances are not considered in the present article.
Statistical analyses were performed using the PRELIS (Stage 1) and LISREL (Stage 2) programs
( Jöreskog & Sörbom, 1996). Syntax files for reported analyses and calculations of approximate
fit indices (RMSEA and ECVI) with associated confidence intervals, chi-square difference
tests (CHISQdiff), and ECVI difference tests (ECVIdiff) are available as online supplementary
material.1 The data are available upon request from the authors.
Results
Frequency distributions for the items of the SF-36 that were used for analyses can be found in
Table 3. Results of statistical analyses from Steps 1-3 of Stage 1 and Stage 2 are presented in Table
4 and Table 5 respectively. Estimates of change from Step 4 of both Stages are displayed in Table
6. We report results for each subscale of the SF-36 separately. Results of the subscale Mental
Health are reported in detail, so that results of other subscales can be reported more concise.

1

Syntaxes can be retrieved from the first authors’ Open Science Framework page at osf.io/awduz
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Table 3 | Frequency distributions of the items of the SF-36 at baseline and follow-up that were used for
statistical analyses (N = 437)
Item
Mental Health (MH)
24 Have you been a very
nervous person?

Response categories
Time
1
2
Baseline
Follow-up

25

26

Have you felt so down in the
dumps that nothing could
cheer you up?
Have you felt calm and
peaceful?

Baseline
Follow-up
Baseline
Follow-up

28

Have you felt downhearted
and blue?

Baseline
Follow-up

30

Have you been a happy
person?

Baseline
Follow-up

General Physical Health (GH)
1
In general, would you say
your health is…?

Baseline
Follow-up

33

I seem to get sick a little
easier than other people

Baseline
Follow-up

34

I am as health as anybody I
know

Baseline
Follow-up

35

I expect my health to get
worse

Baseline
Follow-up

36

My health is excellent

Baseline
Follow-up

3

4

5

6
64
(15%)
103
(24%)
200
(6%)
199
(46%)
48
(11%)
45
(10%)
114
(26%)
122
(28%)
126
(29%)
99
(23%)

14
(3%)
10
(2%)
7
(2%)
2
(0%)
23
(5%)
20
(5%)
8
(2%)
7
(2%)
20
(5%)
21
(5%)

30
(7%)
16
(4%)
13
(3%)
7
(2%)
55
(13%)
45
(10%)
17
(4%)
12
(3%)
22
(5%)
29
(7%)

55
(13%)
35
(8%)
24
(6%)
16
(4%)
100
(23%
114
(26%)
33
(8%)
22
(5%)
85
(20%)
81
(19%)

182
(42%)
154
(35%)
80
(18%)
76
(17%)
69
(16%)
45
(10%)
145
(33%)
153
(35%)
48
(11%)
52
(12%)

91
(21%)
118
(27%)
112
(26%)
136
(31%)
141
(32%)
167
(38%)
119
(27%)
120
(28%)
135
(31%)
154
(35%)

50
(12%)
32
(7%)
24
(6%)
20
(4%)
94
(22%)
99
(23%)
46
(11%)
35
(8%)
130
(30%)
131
(30%)

153
(35%)
179
(41%)
29
(7%)
41
(9%)
100
(23%)
91
(21%)
56
(13%)
47
(11%)
71
(16%)
87
(20%)

162
(37%)
174
(40%)
118
(27%)
131
(30%)
102
(23%)
125
(29%)
172
(39%)
197
(45%)
80
(18%)
71
(16%)

40
(9%)
40
(9%)
60
(14%)
59
(14%)
76
(17%)
73
(17%)
58
(13%)
56
(13%)
101
(23%)
112
(26%)

31
(7%)
11
(3%)
205
(47%)
185
(42%)
64
(15%)
48
(11%)
104
(24%)
101
(23%)
54
(12%)
35
(8%)
117
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Physical Functioning (PF)
3
Vigorous activities

Baseline
Follow-up

4

Moderate activities

Baseline
Follow-up

5

Lifting or carrying groceries

Baseline
Follow-up

6

Climbing several flights of
stairs

Baseline
Follow-up

7

Climbing one flight of stairs

Baseline
Follow-up

8

Bending, kneeling, or
stooping

Baseline
Follow-up

9

Walking more than a mile

Baseline
Follow-up

10

Walking several blocks

Baseline
Follow-up

11

Walking one block

Baseline
Follow-up

12

Bathing or dressing yourself

Baseline
Follow-up

Role Limitations due to Physical Health (RP)
Baseline
13 Did you cut down on the
amount of time you spent on
work or other activities?
Follow-up

118

274
(63%)
289
(66%)
142
(33%)
135
(31%)
128
(29%)
114
(24%)
85
(19%)
104
(24%)
31
(7%)
30
(7%)
57
(13%)
58
(13%)
115
(26%)
126
(29%)
54
(12%)
68
(16%)
35
(8%)
41
(9%)
11
(3%)
19
(4%)

138
(32%)
120
(27%)
181
(41%)
185
(42%)
184
(42%)
161
(37%)
149
(34%)
161
(37%)
117
(27%)
128
(29%)
151
(35%)
150
(34%)
129
(30%)
127
(29%)
95
(22%)
97
(22%)
75
(17%)
73
(17%)
63
(14%)
47
(11%)

306
(70%)
290
(66%)

131
(30%)
147
(34%)

25
(6%)
28
(6%)
114
(26%)
117
(27%)
125
(29%)
172
(39%)
203
(46%)
172
(40%)
289
(66%)
279
(64%)
229
(52%)
229
(52%)
193
(44%)
184
(42%)
288
(66%)
272
(62%)
327
(75%)
323
(74%)
363
(83%)
371
(85%)
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14

15

16

Did you accomplished less
than you would like?

Were you limited in the kind
of work or other activities?

Did you have difficulty
performing the work or
other activities?

Bodily Pain (BP)
21 How much bodily pain have
you had?

22

Baseline

259
178
(59%) (41%)

Follow-up

254
183
(58%) (42%)

Baseline

293
144
(67%) (33%)

Follow-up

303
134
(69%) (31%)

Baseline

273
164
(62%) (38%)

Follow-up

294
143
(67%) (33%)

Baseline

3
(1%)

20
(5%)

97
78
88
151
(22%) (18%) (20%) (35%)

Follow-up

7
(2%)

21
(5%)

93
95
81
140
(21%) (22%) (19%) (32%)

17
(4%)

27
(6%)

89
120
184
(20%) (28%) (42%)

13
(3%)

23
(5%)

49
125
227
(11%) (29%) (52%)

9
(2%)

25
(6%)

43
131
229
(10%) (30%) (52%)

13
(3%)

23
(5%)

49
125
227
(11%) (29%) (52%)

24
(5%)

36
(8%)

145
68
164
(33%) (16%) (38%)

34
(8%)

41
(9%)

132
74
156
(30%) (17%) (36%)

195
(45%)
175
(40%)
190
(44%)
176
(40%)

242
(55%)
262
(60%)
247
(57%)
261
(60%)

How much did pain interfere Baseline
with your normal work?
Follow-up

Social Functioning (SF)
Baseline
20 To what extent has your
physical health or emotional
problems interfered with
Follow-up
your normal social activities
with family, friends,
neighbors, or groups?
Baseline
32 How much of the time
has your physical health
or emotional problems
Follow-up
interfered with your social
activities?
Role Limitations due to Emotional Problems (RE)
Baseline
17 Did you cut down on the
amount of time you spent on
work or other activities?
Follow-up
18

Did you accomplished less
than you would like?

Baseline
Follow-up

6
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19

Did you do work or other
activities less carefully than
usual?

Baseline
Follow-up

153
(35%)
147
(34%)

284
(65%)
290
(66%)

16
(4%)
21
(5%)
26
(6%)
35
(8%)
13
(3%)
11
(3)
29
(7%)
37
(8%)

32
(7%)
42
(10%)
73
(17%)
96
(22%)
19
(4%)
28
(6%)
52
(12%)
53
(12%)

105
(24%)
104
(24%)
133
(30%)
134
(31%)
48
(11%)
56
(13%)
77
(18%)
106
(24%)

58
(13%)
60
(14%)
56
(13%)
53
(12%)
135
(90%)
147
(34%)
166
(38%)
155
(35%)

145
(33%)
155
(35%)
94
(22%)
83
(19%)
90
(2%)
100
(23%)
61
(14%)
56
(13%)

32
(7%)
34
(8%)

83
(19%)
69
(16%)

272
(62%)
243
(56%)

43
(10%)
78
(18%)

7
(2%)
13
(3%)

Vitality (VT)
23

Did you feel full of pep?

Baseline
Follow-up

27

Did you have a lot of energy? Baseline
Follow-up

29

Did you feel worn out?

Baseline
Follow-up

31

Did you feel tired?

Baseline
Follow-up

Health Comparison (HC)
2
Compared to one year ago,
how would you rate your
health in general now?

120

Baseline
Follow-up

81
(19%)
55
(13)
55
(13%)
36
(8%)
132
(30%)
95
(22%)
52
(12%)
20
(7%)
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Table 4 | Hypothesis tests and parameter estimates of Steps 1- 3 from Stage 1
Step 1

Step 2

Step 3

BVN1 Df Chisq diff p

Tresholds2
1

2

3

4

5

Means3

SDs3

pre

pre

post

Rho
post

MH
24

✓

3

4.14

0.25

-1.96 -1.41 -0.90

0.19 0.85

3.23 3.83 1.74 1.85 0.59

-2.34 -1.84 -1.14 -0.63 0.10

4.70 4.75 2.19 1.84 0.61

25

✓

3

0.59

0.90

264

✓

3

15.6

< .01

26pre
26post

-1.62 -0.92 -0.23

0.16 1.20

-1.69 -1.03 -0.23

0.03 1.24

28

✓

3

5.52

0.14

-2.16 -1.64 -1.16 -0.13 0.60

4.09 4.24 1.96 1.90 0.53

30

✓

3

5.41

0.14

-1.68 -1.28 -0.51 -0.21 0.62

4.40 4.12 2.61 2.47 0.64

1

✓

2

3.61

0.16

-1.31 -0.07

1.10

1.65

1.08 1.04 0.90 0.71 0.62

33

✓

2

3.63

0.16

-1.62 -1.17 -0.23

0.14

3.72 3.40 2.32 2.05 0.55

34

✓

2

4.88

0.09

-0.77 -0.10

0.52

1.13

1.19 1.11 1.56 1.41 0.49

35

✓

2

2.25

0.32

-1.34 -0.79

0.31

0.72

2.39 2.46 1.91 1.72 0.56

36

✓

2

4.91

0.09

-0.53 -0.07

0.44

1.26

1.22 1.07 2.29 2.02 0.62

GH

PF
3

✓

n/a

0.37

1.55

-0.26 -0.38 0.80 0.91 0.60

4

✓

n/a

-0.48

0.63

0.42 0.45 0.91 0.89 0.65

5

✓

n/a

-0.59

0.59

0.49 0.51 0.90 0.79 0.72

6

✓

n/a

-0.79

0.18

0.91 0.73 1.05 1.02 0.74

7

✓

n/a

-1.48 -0.39

1.40 1.31 0.95 0.88 0.71

8

✓

n/a

-1.12 -0.06

1.06 1.06 0.94 0.95 0.73

9

✓

n/a

-0.60

0.17

0.81 0.74 1.28 1.32 0.74

10

✓

n/a

-1.08 -0.36

1.55 1.45 1.34 1.43 0.70

11

✓

n/a

-1.36 -0.65

1.91 1.95 1.36 1.48 0.67

12

✓

n/a

-1.78 -0.98

1.96 2.52 1.00 1.47 0.66

13

n/a

n/a

0.47

-0.53 -0.42 1.00 1.00 0.52

14

n/a

n/a

0.22

-0.23 -0.21 1.00 1.00 0.51

15

n/a

n/a

0.47

-0.44 -0.51 1.00 1.00 0.55

16

n/a

n/a

0.38

-0.32 -0.45 1.00 1.00 0.49

RP

BP
21

✓

3 9.77

0.02

-2.34 -1.53 -0.55 -0.84 0.41

2.92 2.85 1.18 1.28 0.55

22

✓

2 0.58

0.75

-1.74 -1.23 -0.56

3.63 2.85 2.06 1.28 0.51

0.11
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SF
20

✓

2 1.48

0.48

-1.98 -1.38 -0.90 -0.06

3.28 3.28 1.61 1.71 0.42

32

✓

2 3.09

0.21

-1.51 -1.02 -0.05

3.16 3.06 1.98 2.15 0.48

0.33

RE
17

n/a

n/a

-0.19

0.14 0.25 1.00 1.00 0.52

18

n/a

n/a

-0.21

0.16 0.25 1.00 1.00 0.60

19

n/a

n/a

-0.40

0.39 0.42 1.00 1.00 0.47

VT
23

✓

3 6.67

0.08

-1.74 -1.17 -0.31

0.04 0.99

3.18 2.90 1.77 1.72 0.56

27

✓

3 1.05

0.79

-1.48 -0.66

0.18

0.52 1.26

1.93 1.68 1.24 1.21 0.58

29

✓

3 3.46

0.33

-1.89 -1.43 -0.86

0.07 0.64

4.36 3.95 2.31 2.08 0.45

31

✓

3 5.86

0.12

-1.46 -0.83 -0.27

0.77 1.32

2.47 2.16 1.64 1.64 0.52

✓

2 6.96

0.03

-0.68

HC
2

1.07

1.96

1.77 1.97 1.22 1.35 0.03

Notes: BVN = bivariate normality; the underlying assumption of bivariate normality was evaluated for each item,
and considered to be tenable (✓) if the assumption holds for all item pairs according to the RMSEA (see Table 1); 2
Thresholds were estimated to be equal across measurement occasions using the standard parameterization, where the
means and variances of the underlying variables at two consecutive measurement occasions are then defined by: μ1 +
μ2 = 0 and σ21 + σ22 = 2. 3 The alternative parameterization was used to estimate the means and standard deviations of
the underlying variables under equal thresholds that were used for subsequent analyses. This entails that identification
of the model is achieved by fixing the first two threshold values at zero and one, instead of restricting the sum of the
means and variances of the underlying variables. This parameterization is equivalent to the standard parameterization;
the linear transformation of the estimates is described in detail by Jöreskog (2002). 4 The means and standard deviations
of the underlying variables of Item 26 are not given as they cannot be readily compared across measurements due to
recalibration response shift. n/a = not applicable, see also Table 1. MH = Mental Health, GH = General Physical
Health, PF = Physical Functioning, RP = Role Limitations due to Physical Health, BP = Bodily Pain, SF = Social
Functioning, RE = Role Limitations Due to Emotional Health, VT = Vitality, and HC = Health Comparison.
1
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No Response Shift Model

Response Shift Model

1b

1c

No Response Shift Model

2b

Measurement Model

No Response Shift Model

Response Shift Model

3a

3b

3c

Physical functioning (PF)1

Measurement Model

2a

General physical health (GH)

Measurement Model

1a

Mental health (MH)

Model

166

169

151

37

29

28

31

25

Df

374.98

477.64

339.06

72.601

61.286

62.979

158.28

61.559

CHISQ

[0.047 ; 0.061]

0.054

[0.058 ; 0.072]

0.065

[0.046 ; 0.061]

0.053

[0.033 ; 0.068]

0.051

[0.031 ; 0.063]

0.047

[0.036 ; 0.071]

0.054

[0.082 ; 0.112]

0.097

[0.040 ; 0.076]

0.058

[90% CI]

RMSEA

15

46.75

0.791

[-0.018 ; 0.019]

-0.011

[-0.001 ; 0.095]

0.038
[0.942 ; 1.200]

Model 3a

380.7

11.32

1.062

18

8

[0.654 ; 0945]

Model 3a

Model 2a

[-0.007 ; 0.003]

[1.143 ; 1.442]

1.284

[0.935 ; 1.180]

1.048

[0.130 ; 0.233]

0.173

[0.115 ; 0.227]

0.162

[0.224 ; 0.330]

1.320

0.194
-0.011

3

96.72

[90% CI]

ECVIdiff

[0.123 ; 0.276]
Model 1a

6

Dfdiff CHISQdiff

0.268

Model 1a

Compared to

[0.304 ; 0.485]

0.386

[0.235 ; 0.341]

0.279

[90% CI]

ECVI

Table 5 | Goodness of overall model fit and difference in model fit of the models in Stage 2
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123

124

No Response Shift Model

Response Shift Model

4b

4c

No Response Shift Model

Response Shift Model

5b

5c

No Response Shift Model

6b

2

1

2

3

1

17

18

15

1.303

0.143

5.941

39.766

1.798

51.313

72.543

29.727

Measurement Model

No Response Shift Model

7a

7b

7

5
17.834

13.022

Role limitations due to emotional problems (RE)

Measurement Model

6a

Social functioning (SF)

Measurement Model

5a

Bodily pain (BP)

Measurement Model

4a

Role limitations due to physical health (RP)

0.105
[0.085 ; 0.143]

[0.026 ; 0.095]

[0.087 ; 0.137]

[0.021 ; 0.102]
0.060

0.103

[0.041 ; 0.055]

[0 ; 0.084]
0.061

0.040

[0.044 ; 0.052]

0

0.042

[0 ; 0.092]

[0.038 ; 0.125]

0

0.073

[0 ; 0.133]

[0.085 ; 0.179]

[0.124 ; 0.216]
0.067

0.123

[0.044 ; 0.064]

[0 ; 0.143]
0.168

0.045

[0.164 ; 0.263]

[0.047 ; 0.090]
0.043

0.205

[0.120 ; 0.318]

0.068

0.249

[0.064 ; 0.104]

[0.138 ; 0.210]

[0.021 ; 0.072]
0.083

0.165

0.048

Model 6a

Model 5a

Model 5a

1

1

2

1.16

4.143

37.968

[-0.002 ; 0.015]

-0.002

[-0.002 ; 0.029]

0.005

[0.040 ; 0.133]

0.078
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No Response Shift Model

8b

17

11
12.326

4.7300

[0 ; 0.030]

0

[0 ; 0.009]

0

[0.126 ; 0.141]

0.116

[0.140 ; 0.141]

0.126
Model 8a

6

7.596

[-0.014 ; 0.016]

-0.010

Notes: N = 437; Overall model fit and difference in fit was evaluated using WLS chi-square values that are provided in the standard LISREL output (denoted C2_NNT) 1For the subscale
PF the WLS chi-square values did not appear stable, and overall model fit was therefore evaluated using the Satorra-Bentler mean adjusted chi-square values (denoted C3 in the standard
LISREL output), and difference of model fit was evaluated using the difference in uncorrected (DWLS) chi-square values (denoted C1 in the standard LISREL output).

Measurement Model

8a

Vitality (VT)
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Table 6 | Assessment of change in the items of the SF-36: Results from Step 4 of Stage 1 and Stage 2,
expressed as effect sizes (standardized differences)

Item

Stage 1

Stage 2

Observed
change in
variables x1

True change
in underlying
variables y*

Modelled change Response
in variables y*
shift change

True change

Mental Health (MH)
24

0.33**

0.37**

0.36**

25

0.12

*

0.03

0.06

262

0.06

28

0.08

0.08

0.05

-0.08

*

*

30

-0.13

-0.13

0.30a**/0.01b

0.04
0.06
0.05

-0.16

a**

0.03

General Physical Health (GH)
1

-0.08

-0.05

-0.08

-0.08

33

-0.08

-0.15*

-0.04

-0.04

34

-0.06

-0.06

-0.07

-0.07

35

0.05

0.04

-0.05

-0.05

-0.08

-0.11

*

-0.11*

36

-0.08

Physical Functioning (PF)
3

-0.04

-0.15*

-0.04

4

0.03

0.04

-0.04

-0.04

5

0.02

0.02

-0.04

-0.04

6

**

**

-0.24

-0.05

-0.05

-0.17

-0.00b

-0.04

7

-0.04

-0.12*

-0.05

-0.05

8

0.00

0.00

-0.05

-0.05

9

-0.06

-0.08

-0.05

-0.05

10

-0.10*

-0.10*

-0.06

-0.06

11

-0.04

0.03

-0.05

0.00

**

**

12

0.51

0.46

-0.05
a**

b

0.51 /-0.02

-0.03

Role Limitations due to Physical Health (RP)
13

0.07

0.11*

0.02

14

0.02

0.03

-0.06

-0.06

15

-0.04

-0.07

-0.07

-0.07

-0.09

*

-0.13

-0.06

-0.06

-0.07

-0.06

-0.06

0.08

**

**

16

0.08a

-0.06

Bodily Pain (BP)
21
22
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0.16

0.16

-0.23**

0.17**
0.16**
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Social Functioning (SF)
20

-0.03

0.00

-0.04

-0.04

32

-0.06

-0.05

-0.03

-0.03

Role Limitations due to Emotional Problems (RE)
17

0.08

0.12*

0.09

0.09

18

0.06

0.09

0.10*

0.10*

19

0.02

0.04

0.08

0.08

23

-0.13*

-0.17**

-0.19**

-0.19**

27

-0.20

**

**

-0.22

**

-0.27

-0.27**

29

-0.14*

-0.18**

-0.16**

-0.16**

31

-0.18**

-0.20**

-0.20**

-0.20**

Vitality
(VT)

Health Comparison (HC)
2

0.11*

0.11*

Notes: N = 437; Standardized mean differences of 0.2, 0.5, and 0.8 indicate small, medium, and large differences
(Cohen, 1988); * p < 0.05, ** p < 0.01; a = recalibration, b = reprioritization. 1Observed change was calculated by
considering the ordinal discrete response scale as a proxy for an interval response scale, and comparing baseline and
follow-up measurements using paired t-tests. 2 Results of Stage 2 for Item 26 cannot be interpreted because recalibration
response shift was detected for this item in Stage 1.

Mental Health (MH). Stage 1. Results of Step 1indicated that the hypothesis of underlying
bivariate normal distribution was tenable for all item pairs. In Step 2, equality constraints on
thresholds across measurements lead to a significant deterioration in fit for Item 26 (“Have you
felt calm and peaceful?”) (see Table 4). As it is not possible to impose equality restrictions on
individual threshold parameters in PRELIS, we could not evaluate whether the non-invariance
of thresholds could be attributed to specific thresholds. To evaluate the differences in thresholds
of Item 26, we compared the freely estimated threshold at both measurement occasions.
Inspection of threshold estimates showed that three out of five thresholds were lower at the
second measurement occasion as compared to the first measurement occasion (see Table 4).
This indicates recalibration response shift, where it was relatively easy for patients to score high
on feeling calm and peaceful after treatment, compared to before treatment. All thresholds for
Item 26 were set free to be estimated at both measurement occasions and the item was excluded
from further response shift detection analyses in Stage 2. For all other items of MH, means and
variances and covariances of the underlying variables were estimated under the restriction of
equal thresholds across occasions.
In Step 4, inspection of the estimated mean differences of the underlying variables as
compared to the observed mean differences showed that true change in Items 24 and 30 was
significant and somewhat larger than the observed change; there was an improvement in the
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scores of Item 24 and a deterioration in the scores of Item 30 (see Table 6). True change in Item
25 was smaller than the observed change and not significant, and both observed and true change
of Items 28 were not significant. There was no significant observed change in Item 26. True
change of Item 26 is not given as it cannot be interpreted because the underlying variables have
a different scale of measurement.
Stage 2. The estimated means, variances and covariances of the underlying continuous variables
from Step 3 in Stage 1 were used for subsequent analyses in Stage 2. In Step 1, the Measurement
Model yielded reasonable approximate fit (Model 1a, Table 4), and included a residual covariance
between Item 26 (“Have you felt calm and peaceful?”) and Item 30 (“Have you been a happy
person?”). This indicates that these items have something more in common than is captured by
the common factor MH.
In Step 2, invariance restrictions on intercepts and factor loadings were imposed for all items
except Item 26. The No Response Shift Model yielded a significant deterioration in model fit as
compared to the Measurement Model, according to both the chi-square difference test and the
ECVI difference test (see Table 5), indicating the presence of response shift.
In Step 3, three response shift effects were detected. Recalibration response shift of Item 24 (“Have
you been a nervous person?”) was detected (CHISQdiff(1) = 54.8, p < .001), where the intercept
was higher at follow-up than at baseline. Because items were scored such that higher scores
indicate better health, the difference in intercepts indicates that it became relatively difficult to
score high on nervousness after antineoplastic treatment, compared to the other items of MH. In
addition, reprioritization response shift of the same item was detected (CHISQdiff(1) = 28.7, p <
.001), where the value of the factor loading was higher at follow-up than at baseline. This indicates
that the item became more indicative of MH after treatment. Recalibration response shift of Item
30 (“Have you been a happy person?”) was detected (CHISQdiff(1) = 11.8, p < .001), where the
intercept was higher at baseline than at follow-up. This indicates that it became relatively difficult
to score high on happiness after treatment, as compared to the other items of MH.
The Response Shift Model, in which all apparent response shifts are taken into account,
showed reasonable approximate fit according to the RMSEA, and equivalent model fit as
compared to the Measurement Model (see Table 6). Results of Step 4 indicated that patients
showed a significant improvement of MH (change = 0.06, p < .001; d = 0.08). Before taking
into account response shift effects, the change was in the same direction and also significant
(change = 0.05, p < .001; d = 0.08).
Estimates of decomposition of change are presented in Table 6. In general, modelled
change in Stage 2 was similar to true change estimates from Stage 1. The estimated true change
in Stage 2 showed small improvements in all items, although they were non-significant.
Recalibration response shifts in Items 24 and 30 caused the observed improvement (d = 0.30)
and deterioration (d = -0.16) respectively. Results of decomposition of change for Item 26 are
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not reported because interpretation is hindered due to the difference in measurement scales of
the item across occasions.
General Physical Health (GH). Stage 1. The hypothesis of underlying bivariate normal
distribution and the equality restrictions on thresholds across measurements were tenable for all
pairs of items (see Table 4). In general, true change in the underlying variables was similar to that
of observed change, although only the deterioration in true change of Item 33 was significant
(see Table 6).
Stage 2. The Measurement Model of GH showed reasonable approximate fit (model 2a, Table
5). The No Response Shift Model did not yield a significant deterioration in model fit, indicating
that there was no evidence for response shift effects (see Table 5). Overall, patients showed a
significant deterioration of GH (change = -0.10, p < .001; d = -0.19), and also in the items of
GH, but only the deterioration in Item 36 was significant (d = -0.11; see Table 6).
Physical Functioning (PF). Stage 1. The hypotheses of underlying bivariate normal
distributions were tenable for all item pairs. Equality of thresholds across measurement occasions
could not be evaluated, as items with three categories do not provide enough information to test
the difference in LR test statistic (see also Table 1). Estimated true change was largely similar
to observed change, with significant deterioration in Items 3, 6, 7, and 10. A notable difference
occurred for the true change estimate of Item 12, which showed a significant improvement (d =
0.51) that was not found for observed change.
Stage 2. The Measurement Model of PF was modified to include residual covariances between
Item 4 (“moderate activities”) and Item 5 (“lifting or carrying groceries”), and between Item 6
(“climbing several flights of stairs”) and Item 7 (“climbing one flight of stairs”). The Measurement
Model that included these residual covariances showed reasonable approximate fit, and the close
fit hypothesis could not be rejected (model 3a, Table 5).
The No Response Shift Model fitted worse than the model without across measurement
constraints (see Table 5), indicating the presence of response shift. Recalibration response shift of
Item 12 (“bathing or dressing yourself ”) was detected (CHISQdiff(1) = 173.7, p < .001), where the
intercept was higher at follow-up than at baseline. Thus, patients scored higher on Item 12 after
treatment, relative to the other items of PF. Because higher scores on Item 12 are indicative of fewer
limitations, it became relatively difficult to endorse limitations on this item after antineoplastic
treatment. In addition, reprioritization response shift of Item 12 (“bathing or dressing yourself ”)
and Item 4 (“moderate activities”) was detected (CHISQdiff(1) = 146.2, p < .001; CHISQdiff(1) =
14.0, p < .001), where the factor loadings of both items were higher at follow-up as compared to
baseline, indicating that both items became more indicative of PF after treatment.
The Response Shift Model yielded reasonable approximate fit according to the RMSEA, and
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equivalent approximate model fit as compared to the Measurement Model (see Table 5). Patients
showed no significant change in PF (change = -0.05, p = .13, d = - 0.07), but before taking into
account response shift effects the change was in the opposite direction and significant (change
= 0.02, p = .041, d = 0.02). Therefore, not taking into account response shift effects would have
overestimated changes in physical functioning.
Inspection of change estimates for individual items showed (non-significant) deterioration
in all items. However, for Item 12 there was a significant improvement due to recalibration
response shift (d = 0.51).
Role Limitations due to Physical Health (RP). Stage 1. As RP consists of dichotomous
items, the hypothesis of bivariate normality and equality of thresholds across measurement
occasions could not be evaluated (see Table 1). Inspection of true change estimates revealed
a significant improvement of Item 13, and a significant deterioration of Item 16 (see Table 6).
Stage 2. The Measurement Model of RP showed close approximate fit (model 4a, Table 5).
To enable the investigation of response shift with dichotomous items, the No Response Shift
Model requires some adaptations (i.e., additional scaling parameters; see Appendix 6A.4 for
more details). As a result, only recalibration response shift can be investigated with dichotomous
items, and the presence of recalibration response shift is evaluated based on overall goodnessof-fit of the No Response Shift Model. The overall model fit of the No Response Shift model of
RP was not good (model 4b, Table 5), indicating the presence of response shift. Recalibration
response shift of Item 13 (“Did you cut down on amount of time you spent on work or other
activities?”) was detected (CHISQdiff(1) = 21.2, p < .001), where the intercept was higher at
follow-up than at baseline. Patients scored higher on Item 13 after treatment, relative to the
other items of RP. Because higher scores on Item 13 are indicative of fewer limitations, it
became relatively difficult to endorse limitations on this item after antineoplastic treatment. The
Response Shift Model that included this recalibration response shift showed an improvement in
overall model fit as compared to the No Response Shift Model, and reasonable approximate fit
according to the RMSEA (see Table 5).
Inspection of common factor means showed no significant change of RP (change =
-0.07, p = .15; d = -0.07). Taking into account recalibration response shift did not affect the
interpretation of change. Inspection of change estimates for individual items showed (nonsignificant) deterioration for all items, and that the improvement in Item 13 was explained by
recalibration (see Table 6).
Bodily Pain (BP). Stage 1. The hypotheses of underlying bivariate normal distributions was
tenable for all pairs of items. The equality restrictions on thresholds across measurements showed
a significant deterioration in fit for Item 21 according to the chi-square difference test (p = 0.02,
see Table 4), but the ECVI difference test showed no significant deterioration in approximate
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fit (ECVIdiff = 0.009, 90% CI: -0.005 - 0.040). Inspection of true change estimates showed a
(non-significant) deterioration in Item 21, whereas Item 22 showed a significant improvement
(see Table 6).
Stage 2. To achieve identification of the Measurement Model of the two-item BP subscale, we
applied the constraint of zero residual covariances as this restriction yielded best model fit (see
Appendix 6A.3 for more details). The Measurement Model showed exact fit, but comparison
with the No Response Shift Model showed evidence of response shift (see Table 5). Investigation
of response shift effects showed that the model could be improved by freeing the restrictions on
the intercepts, indicating recalibration response shift. We chose to free the intercept of Item
21 “level of pain”, where it became relatively difficult to score high on this item after treatment
as compared to the item “interference of pain”. The Response Shift Model showed equivalent
approximate fit as compared to the Measurement Model. Inspection of common factor means
showed a small but non-significant improvement of BP (change = 0.18, p = .09; d = 0.19).
Before taking into account response shift the improvement in BP was slightly smaller, but
significant (change = 0.13, p < .001; d = 0.14).
Inspection of change estimates for the two individual items showed that the difference
in behavior of both items was explained by recalibration of Item 21 (d = -0.23), whereas the
modelled change showed significant improvement for Item 22 (d = 0.16) but no significant
change for Item 21 (see Table 6).
Social Functioning (SF). Stage 1. The hypotheses of underlying bivariate normal distributions
and the equality restrictions on thresholds across measurements were tenable for both items.
Estimates of true change showed no significant differences (see Table 6).
Stage 2. To achieve identification of the two-item Measurement Model of SF we applied
the constraint of equal factor loadings for both items at each measurement occasion, as this
restriction yielded best model fit (see Appendix 6A.3 for more details). Both the Measurement
Model and the No Response Shift Model of SF showed exact fit (models 6a and 6b, Table 5),
and there was no evidence for response shift. Inspection of common factor means showed a
small but significant deterioration of SF (change = -0.05, p < .001; d = -0.05), although the
change estimates for individual items were not significant (see Table 6).
Role Limitations due to Emotional Health (RE). Stage 1. Because the subscale RE
consists of dichotomous items the hypothesis of bivariate normality and equality of thresholds
across measurement occasions could not be evaluated. Both observed and true change showed
improvements for all items, although only the estimated true change for Item 17 was significant
(see Table 6).
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Stage 2. Both the Measurement Model and the No Response Shift Model of RE yielded
reasonable approximate fit (model 5a and model 5b, Table 5). Therefore, there was no evidence
of (recalibration) response shift (see Appendix 6A.4). Inspection of common factor means
showed no significant change of RE (change = 0.09, p = .09; d = 0.10), but Item 17 showed a
significant improvement (see Table 6).
Vitality (VT). Stage 1. The hypotheses of underlying bivariate normal distributions and the
equality restrictions on thresholds across measurements were tenable for all item pairs. The
estimated true change was similar to that of observed change, although true change estimates
were slightly larger. All items showed a significant deterioration (see Table 6).
Stage 2. The Measurement Model included a residual covariance between Item 29 (“Did you
feel worn out?”) and Item 31 (“Did you feel tired?”), and showed exact fit (model 6a, Table
5). The No Response Shift Model also yielded exact fit, and equivalent model fit as compared
to the Measurement Model, indicating no evidence of response shift (see Table 5). Overall,
patients showed a significant deterioration of VT (change = -0.27, p < .001; d = -0.34), and also
a significant deterioration in all individual items (see Table 6).
Health Comparison (HC). Stage 1. The subscale HC consists of only one item, so we can
only conduct Stage 1 analyses. Evaluation of bivariate normality showed that this hypothesis
was tenable, and although the restriction of equality of thresholds across measurement occasions
showed a significant deterioration according to the chi-square difference test (p = 0.03, see Table
3), there was no significant deterioration in approximate model fit (ECVIdiff = 0.007, 90% CI:
-0.004 - 0.035). There was a significant improvement across measurement occasions for both
observed and true change (see Table 4).

Discussion
In this paper we explained how the SEM approach for detection of response shift and assessment
of true change can be applied to discrete data by assuming underlying continuous variables
with bivariate normal distributions (Stage 1), and how the resulting estimates can be used in
a common factor model (Stage 2). The proposed SEM approach thus enables the detection of
response shift and assessment of true change in discrete ordinal responses.

Substantive Interpretation of Results
We applied the proposed SEM approach to all items of the SF-36. In our sample of cancer
patients, we found that the model of underlying bivariate normal distributed continuous
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variables was tenable for all items (Stage 1). We detected recalibration response shift in the item
“Have you felt calm and peaceful?” of the Mental Health subscale, where it was relatively easy
for patients to score high on feeling calm and peaceful after treatment, as compared to before
treatment. We assessed change in the underlying variables and found that estimated true change
was mostly similar to observed change, although estimated true change was somewhat larger in
general. When change of the observed variables would be assessed as if they have interval scales
(i.e. without taking into account their discrete properties), there would be 10 items that showed
significant change. Whereas true change estimates showed significant change in 18 items.
Moreover, only for one item the results of true change no longer showed a significant difference
between measurement occasions. Taken together, these results indicate that the model of Stage
1 can be used to provide an informative assessment of change. Furthermore, the estimates of the
model can be used to enable detection of response shift and assessment of true change in Stage 2.
In Stage 2, we used a common factor model to detect response shift and assess true change
in each subscale of the SF-36 separately. Results showed that patients’ mental health improved,
while their physical health, vitality and social functioning deteriorated. No change was found for
physical functioning, role limitations due to physical health, role limitations due to emotional
problems and bodily pain. In general, when asked to compare their current health state to their
health state the previous year, patients indicated that their health had improved.
Response shift effects were detected in individual items of the subscales Mental Health,
Physical Functioning, Role Limitations due to Physical Health and Bodily Pain. For the
Mental Health subscale, recalibration and reprioritization response shift was detected in the
item “nervousness”, where it became relatively difficult to score high on nervousness after
antineoplastic treatment as compared to the other items, and nervousness became more
important to the measurement of mental health. An explanation for this result could be
that the start of treatment causes patients to experience less nervousness relative to the other
indicators of mental health. In addition, it might be that the decreased nervousness becomes
especially relevant for patients’ mental state. Recalibration response shift was also detected in
the item about “happiness”, where it became relatively difficult to score high on happiness after
antineoplastic treatment. Thus, it seems that even though patients’ mental health improved over
time, this improvement was not found to the same degree for patients’ happiness as compared to
the other indicators of mental health. Not taking into account response shift effects would have
led to an underestimation of change in mental health.
For the Physical Functioning subscale recalibration and reprioritization response shift
was detected for the item “bathing or dressing oneself ”, where it became relatively difficult
to endorse limitations with bathing and/or dressing oneself after antineoplastic treatment as
compared to the other items, and the item became more important for the measurement of
physical functioning. In addition, the item “moderate activities” also became more important
for the measurement of physical functioning after treatment. Therefore, it seems that being able
to execute these moderate and personal activities becomes more important for patients’ physical
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functioning after treatment as compared to the other items. In addition, even though patients’
physical functioning did not change, limitations with regards to bathing or dressing oneself
showed an improvement across time. Not taking into account response shift effects would have
led to an overestimation of change of physical functioning.
For the subscale Role Limitations due to Physical Health recalibration response shift of
the item “time for work and other activities” was detected, where it became relatively difficult
to endorse limitations on this item after antineoplastic treatment. Thus, even though patients’
overall role limitations due to physical health did not change, it seems that patients experienced
decreased limitations with regards to time for work and other activities. A possible explanation
for this result could be that patients get used to changes with regards to the allocation of available
time, or adapt to the possible limitations due to their physical condition.
Finally, for Bodily Pain recalibration response shift was detected. As this scale consist of
only two items, detection of response shift indicates that the two items of this subscale behave
differently. In our example, patients indicated to experience relatively fewer limitations due to
their experienced pain as compared to the level of experienced pain. A possible explanation for
this result could be that patients get used to or adapt to the experienced limitations due to their
physical condition.
Compared to the selected study sample, the group of patients that was excluded due to
attrition or due to too many missing values showed lower Karnofsky performance and more
progressive tumors. Therefore it should be noted that the results of our study may not be
generalizable to the full population.
Taken together, these results provide information about the behavior of individual items
within each subscale of the SF-36. Specifically, the results give insight as to what extent changes
at the item level can be attributed to changes at subscale level (e.g., mental health or physical
functioning), and which items show response shift. To our knowledge, this is the first time that
response shift has been investigated in all individual items of the SF-36 questionnaire - one of
the most widely used measurement instruments in the literature of health-related quality of
life. Although item-level data have been considered in previous research of the SF-36 (Ahmed,
Sawatsky, Levesque, Ehrmann-Feldman & Schwartz, 2014; Guilleux et al., 2015), response shift
was only investigated in the items of a single subscale (Guilleux et al., 2015), or response shift in
all items was tested globally instead of in individual items (Ahmed et al., 2014). Therefore, the
application of the SEM approach for discrete data to the items of the SF-36 in the present paper
provides a substantive contribution to the literature on response shift phenomena.
Limitations of the proposed SEM approach
In the application of the SEM approach for discrete data, the question arises when to treat item
responses as discrete ordinal responses and when to treat them as continuous responses. Item
response scales are usually discrete as they only have limited number of response categories.
However, when the number of response categories is larger (e.g., seven or more), discrete
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ordinal responses can be considered to sufficiently approximate continuous interval scales, so
that statistical analyses for interval variables may be appropriate (Dolan, 1994). The treatment
of discrete item responses should therefore be based on both substantive considerations (e.g.,
can the underlying measurement scale be considered continuous?) and statistical considerations
(e.g., does the distribution of scores of the observed variables approximate a normal distribution?
Are the chosen statistical techniques appropriate?). In the present paper, we applied the SEM
approach for discrete data to ordinal item responses with different numbers of response
categories (i.e., two, three, five and six). In our example, we considered the measurement scale of
all items to be discrete. By definition, univariate normality does not hold for discrete variables.
However, the proposed SEM approach has the flexibility to include not only variables with
different numbers of response categories, but also variables with different measurement scales
(e.g., the PRELIS program can be used to calculate the appropriate correlations between the
variables) and could even be applied to non-ordinal binary data.
In Stage 1, we test the assumption of underlying bivariate normality, and derive estimates
of polychoric correlations, variances and means of the underlying variables under equal
thresholds across measurement occasions. Stage 1 also provides information on the detection
of response shift, in addition to the usual detection of response shifts in Stage 2. Recalibration
response shift in Stage 1 can be interpreted as scale recalibration relative to the scale of the
underlying continuum, whereas recalibration response shift in Stage 2 can be interpreted as scale
recalibration relative to the scale of the common factor (and thus relative to the other variables
measuring the same common factor).
It should be noted that under some circumstances it is not be possible to detect recalibration
response shift. First, invariance of thresholds can only be evaluated when the number of
response categories is larger than three, for variables with fewer response categories invariance
of thresholds is assumed to hold. Second, non-invariance of thresholds might not be detected
if the thresholds differ by an additive constant (this would be captured by mean differences in
the underlying variables) or a multiplicative constant (this would be captured by differences
in the standard deviations of the underlying variables). Similarly, non-invariance of intercepts
in Stage 2 might not be detected if the intercepts differ by an additive constant (this would be
captured by mean differences in the common factors) or a multiplicative constant (this would
be captured by differences in the standard deviations of the common factors).
Although it might be possible to investigate whether differences in thresholds can be
attributed to specific threshold parameters, this was not applied in the present paper because it
is not possible to impose equality restrictions on individual thresholds in the PRELIS program
that was used for statistical analyses. It might be of substantive interest to further investigate noninvariance of specific thresholds, but it does not resolve the fact that the scales of the underlying
variables are different. It might also be of substantive interested to test more restrictive hypotheses
about thresholds, such as the hypothesis of equally spaced thresholds (e.g., the difference between
different answer categories in terms of the underlying variables are equal).
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Although the performance of the common factor model and the estimation of polychoric
correlations are reasonably robust against moderate violations of normality (e.g., Benson &
Fleishman, 1994; Curran, West & Finch, 1996; Flora & Curran. 2004), similar studies on
the performance of the common factor model under violations of invariant thresholds are
needed. Millsap & Yung-Tei (2004) investigated the impact of non-invariant thresholds in a
multigroup context, and concluded that when invariant thresholds are erroneously imposed,
group differences in thresholds may be mistaken for group differences in residual variances. It
would be interesting to perform a simulation study with the proposed methods for response
shift detection, and investigate the impact of (violations of ) threshold invariance, number of
response categories, number of variables in the common factor model, size of the bias, sample
size, missing data, etc. Such a simulation study would be helpful to further substantiate the
appropriateness of the proposed SEM approach for discrete data under different circumstances.
The SEM approach for discrete data was applied to the individual items of each subscale
of the SF-36 separately. A limitation of this approach is that it does not allow for detection of
reconceptualization response shift due to other factors, such as other subscales or demographic
or clinical variables. However, the proposed approach can be extended to enable the detection of
reconceptualization response shift due to these factors. For example, it would be interesting to
investigate response shift in all the items of the SF-36 simultaneously by using one common factor
model that includes all eight multi-item subscales, and the one-item scale of health comparison.
However, it should be noted that such highly complex models require much larger samples in
order for the proposed methods to work appropriately. As an alternative strategy one might
conduct pairwise analyses of subscales, to reduce the model complexity while still enabling the
investigation of reconceptualization response shift due to another subscale. A similar approach
could also be used to investigate the effects of possible explanatory or confounding variables
(e.g., gender, age, type of disease, or treatment modality). In the present paper, we chose to
investigate all subscales separately to enable the explanation of the proposed methods for various
situations (i.e., different number of response categories and different number of items per scale)
and facilitate the analyses and interpretation of results (i.e., more parsimonious models). Further
extensions of the proposed methods that include more measurement occasions, other subscales,
or explanatory variables, would be an interesting topic for future research.
SEM with discrete data can be done using standard statistical computer programs ( Jöreskog
& Sörbom, 1996; Muthén & Muthén, 1998; Neale, Boker, Xie & Maes, 2003; Rosseel, 2012).
However, differences exist between programs in how they handle the analyses of discrete
data. For example, the underlying assumptions of Stage 1 (i.e., bivariate normality and equal
thresholds) are usually not tested but assumed to hold. Moreover, not all computer programs
make an explicit distinction between the estimation of polychoric correlations and the fitting of
structural equation models to the polychoric correlations. Some programs might test invariance
of thresholds as an alternative to the invariance of intercepts (e.g., see Millsap & Yun-Tein, 2004),
and as a consequence test conceptually different hypotheses (i.e., differences in thresholds are
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conceptually different from differences in intercepts). In addition, different programs may use
different (default) corrections for the resulting chi-square values, and different options for
evaluation of overall goodness-of-fit and differences in model fit may lead to different results.
For the present paper, analyses were performed using the PRELIS (Stage 1) and LISREL (Stage
2) programs ( Jöreskog & Sörbom, 1996). With PRELIS it is possible to evaluate the Stage
1 model for discrete data. In Stage 2, the WLS chi-square value was used to evaluate model
fit, as it provides a valid test statistic under non-normality and has the convenient property
that it can also be used for the calculation of approximate fit indices and for the comparison
of nested models. However, when sample sizes are small or models are large, the performance
of the WLS test-statistic might not be stable and one might consider alternative adjustment to
the chi-square statistics (see also Appendix 6A.2). One should be aware that there are notable
differences between different computer programs in handling discrete data, and that the choice
of computer program may also influence the ease with which one can apply the required analyses.
Besides structural equation modeling techniques, there are other statistical techniques for
the detection of response shift available, such as ordinal logistic regression, the contingency
tables methods, and probit regression. Methods relying on item response theory (IRT) analysis
are probably the most popular method for the analysis of discrete ordinal data. Factor analysis
methods are not conceptually different from IRT methods, but the former are usually applied to
continuous data. The relationship between IRT and factor analysis has been described by Lord
and Novick (1969). Takane and De Leeuw (1987) showed that WLS estimation with polychoric
correlations in factor analysis is equivalent to fitting the normal ogive model with marginal ML
estimation in IRT. However, advantages of SEM are that the models can be easily extended to
multidimensional models (e.g., longitudinal models, or models that include multiple subscales),
and that the hypothesized dimensional structure of the model can be tested.
Conclusion
Investigation of response shift and assessment of change at the individual item level can give
insight into which items of a subscale contribute to changes at the subscale level, or which
items behave differently from the other items. Analyses of items therefore provide different
information than analyses of subscales. For example, it could be that there is no change (or
no occurrence of response shift) at the subscale level, while there are changes at the level of
individual items (or possible response shift effects), that cancel each other out. In addition, item
level analyses enable the identification of items that are most important to changes at the level
of the subscale. Although the proposed SEM approach for discrete data needs further scrutiny
using simulation studies, it leads to a better understanding of the response shift phenomena and
enhances interpretation of change in the area of HRQL.
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Appendix 6A
Additional details of the SEM approach for the detection
of response shift and true change in discrete data
6A.1 Invariance of thresholds across measurement occasions
When the same variables are measured repeatedly (i.e., in longitudinal assessment) the
imposition of invariant thresholds across measurement occasions is required to enable estimation
of differences in means and variances of the underlying variables (i.e., μy* and diag(Σy*)). This
restriction establishes a common scale, which is a necessary requirement for assessment of
change across measurement occasions.
For variables with only one threshold there is not enough information to estimate the
variances of the underlying variables, and thus equality restrictions on thresholds across
measurement occasions for dichotomous variables only enables estimation of differences in
means of the underlying variables.
6A.2 Alternative estimation methods for discrete data
Application of the ML estimation method to polychoric correlations yield biased standard errors
and chi-square test statistics. One of the estimation methods that can be applied in the case
of discrete data is the ‘weighted least squares’ (WLS; Browne, 1984) method, which uses the
‘asymptotic variance covariance matrix’ to adjust for imprecision of the estimated Σy* and μy*. This
matrix contains the variances and covariances of the estimated polychoric correlations, which can
be interpreted as indices of precision of estimation. The inverse of this matrix is used as a weightmatrix in the estimation procedure. However, the estimated weight matrix is unstable when
models are complex (e.g., the size of the weight matrix increase rapidly with increasing number
of variables) and when the sample size is small (e.g., less than 1000 or even 1600) (see Muthén &
Kaplan, 1985, 1992; Boomsma & Hoogland, 2001). Therefore, it is often convenient to use the
diagonally weighted least squares (DWLS) estimator with robust standard errors, where only the
diagonal of the weight matrix is used to yield unbiased parameter estimates, whereas standard
errors of parameter estimates are adjusted using the full weight matrix. Simulation studies have
shown that the DWLS estimator with robust standard errors performs well in terms of unbiased
parameter estimates and precise standard errors (e.g., Flora, & Curran, 2004; Forero, MaydeuOlivares & Gallardo-Pujol, 2009; Yang-Wallentin, Jöreskog & Luo, 2010).
The WLS and robust DWLS estimation methods yield correct parameter estimates, but only
the WLS test-statistic yields correct standard errors and an asymptotic chi-square distribution
(if the model holds). The WLS chi-square value can therefore also be used for the calculation
of approximate fit indices (e.g., RMSEA). Moreover, the WLS chi-square values can be used to
compare nested models using a chi-square difference test. When sample sizes are small or models
are complex, the performance of WLS might not be stable. In such cases, an alternative adjustment
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to the (DWLS) chi-square statistic can be used, which requires the calculation of a scaling-factor
to correct for non-normality (Satorra & Bentler, 1988). Because the resulting statistic is not chisquare distributed, this complicates the evaluation of approximate fit and differences in fit. As
available adjustments for difference tests (e.g., Satorra & Bentler, 2001) can be computationally
demanding and sometimes lead to inadmissible solutions (Bryant & Satorra, 2012), it has been
proposed to evaluate approximate fit and differences in fit using the uncorrected chi-square values
(Gerhard, Klein, Schermelleh-Engel, Moosbrugger, Gäde, & Brandt, 2014).
6A.3 SEM with two observed variables
When there are only two observed variables (e.g., a scale that consists of only two items)
the Measurement Model cannot be tested, as these small numbers of observed variables do
not provide enough information to uniquely estimate all model parameters (i.e., the model
is not identified). In such cases, additional assumptions are required to enable estimation of
the Measurement Model. For example, equality restrictions on factor loadings (i.e., assuming
both variables are equally indicative of the underlying common factor) or restricting the across
occasion covariances of residual factors to zero (i.e., assuming the systematic relations between
observed variables are fully explained by the underlying common factor) can be used to enable
estimation of the Measurement Model. The choice between these two identification restrictions
can be based on substantive arguments (e.g., that both items are equally indicative of the
underlying common factor) or on results of model fit evaluation (i.e., choosing the restriction
that yields the best model fit).
In addition, investigation of response shift is complicated by the fact that freeing a
restriction on a measurement parameter associated with one variable is equivalent to freeing the
same restriction associated with the other variable. Therefore, possible violations of invariance
restrictions cannot be attributed to a specific variable on the basis of statistical information, so
that the attribution of response shift can only be based on substantive consideration.
6A.4 SEM with dichotomous variables
For dichotomous variables (i.e., when analyzing a matrix of tetrachoric correlations), the model
of No Response Shift requires some adaptations to yield appropriate parameter estimates
and hypothesis tests. Specifically, as variances cannot be estimated in step 1, it is necessary to
estimate the scaling parameters at the second measurement occasion, to account for differences
in variances across measurement occasions. As a result, it is not possible to investigate differences
in factor loadings or residual variances. Furthermore, the No Response Shift Model and the
Measurement Model cannot be compared using the chi-square difference test, as they are not
hierarchically related. As an alternative, the presence of response shift can be evaluated based
on overall goodness-of-fit of the No Response Shift Model. When the model does not fit, this
indicates the presence of (uniform recalibration) response shift. Due to the necessary estimation
of the scaling parameters at the second measurement, only the non-invariance of intercepts (i.e.,
uniform recalibration response shift) can be investigated.
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Item Bias Detection in the Hospital Anxiety and
Depression Scale Using Structural Equation Modeling:
Comparison with Other Item Bias Detection Methods

Comparison of patient reported outcomes may be invalidated by the occurrence of item
bias, also known as differential item functioning. We show two ways of using structural
equation modeling (SEM) to detect item bias: (1) multigroup SEM, which enables the
detection of both uniform and nonuniform bias, and (2) multidimensional SEM, which
enables the investigation of item bias with respect to several variables simultaneously. We
apply both SEM approaches for the detection of gender- and age-related bias in the items
of the Hospital Anxiety and Depression Scale (HADS; Zigmond & Snaith, 1983) from
a sample of 1,068 patients. Results were compared to the results of the ordinal logistic
regression, item response theory, and contingency tables methods reported by Cameron,
Scott, Adler and Reid (2014). Both SEM approaches identified two items with genderrelated bias and two items with age-related bias in the Anxiety subscale, and four items
with age-related bias in the Depression subscale. Results from the SEM approaches
generally agreed with the results of Cameron et al., although the SEM approaches
identified more items as biased. We conclude that SEM provides a flexible tool for the
investigation of item bias in health-related questionnaires. Multidimensional SEM has
practical and statistical advantages over Multigroup SEM, and over other item bias
detection methods, as it enables item bias detection with respect to multiple variables, of
various measurement levels, and with more statistical power, ultimately providing more
valid comparisons of patients’ well-being in both research and clinical practice.

This chapter is based on: Verdam, M. G. E., Oort, F. J., & Sprangers, M. A. G. (in press).
Using structural equation modeling to detect item bias: Comparison with other item bias
detection methods. Quality of Life Research.
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Introduction
Comparing assessments of patient reported outcomes is important for clinical practice and
research. However, such comparisons may be invalidated by the occurrence of differential item
functioning (DIF). DIF, also referred to as item bias, occurs when two people with the same value
on the trait of interest (e.g., well-being), have a different probability of giving a certain response
on an item from a questionnaire or test that measures the trait of interest, due to differences
on other variables (e.g., age, gender, attitudes, mood, treatment condition, etc.). Mellenbergh
(1989) gave a formal definition of item bias: An item X measuring trait T is unbiased with
respect to another variable V, if and only if:
f1 (X | V = v, T = t) = f2 (X | T = t),

(1)

where f1 is the distribution of the item responses given the values v and t of variables V and T, and f2
is the distribution of item responses given only the values t of variable T. Mellenbergh emphasized
the generality of the definition, where the variables X, V and T may have nominal, ordinal or
interval measurement scales. In the presence of item bias, differences between two people on
observed item scores may not reflect ‘true’ differences on the trait variable (e.g., men and women
may score differently on an item that measures well-being, even though their well-being does not
differ). If the bias is uniform, it is consistent for all levels of the latent trait (e.g., the size of the bias
is independent of the level of well-being). When the bias is nonuniform, it differs for different
levels of the latent trait (e.g., the difference may be larger for higher levels of well-being).
Statistical methods for the detection of item bias can be distinguished based on their
operationalization of the trait variable T. One group of methods use the summary of the observed
item scores (i.e., the scale score) to operationalize the trait variable (e.g., loglinear models,
contingency tables methods, logistic regression models, standardization methods), and another
group of methods operationalize an unobserved latent trait variable (e.g., item response theory
analysis and structural equation modelling methods) (Millsap & Everson, 1993). We further
distinguish between methods that can detect uniform item bias, and methods that can also
detect nonuniform item bias. Although advantages have been made to enable the investigation
of nonuniform item bias, it is not always easily implemented and therefore not often applied.
Cameron, Scott, Adler and Reid (2014) recently investigated the equivalence of three
different bias detection methods for the detection of gender- and age-related bias in the items of
the Hospital Anxiety and Depression Scale (HADS; Zigmond & Snaith, 1983). They applied
ordinal logistic regression, item response theory (IRT), and contingency tables methods to
investigate item bias in the anxiety and depression subscales of the HADS separately. All three
methods were used to detect uniform item bias only. Although Cameron et al. mention structural
equation modeling (SEM) methods as a fourth option that can be applied to investigate item
bias, they did not incorporate SEM methods in their comparison.
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Compared to the three item bias detection methods applied by Cameron et al., SEM
methods may have several important advantages. The multigroup SEM approach can be applied
to detect bias in observed item scores with respect to group-membership (e.g., gender or agecategory) and a continuous latent trait variable (e.g., depression or anxiety). Advantages of the
SEM approach are that it uses a latent trait operationalization, it enables the detection of both
uniform and nonuniform bias, and that possible item bias can be taken into account to assess
true differences between groups. In addition, the flexibility of the SEM framework allows for
extensions to multidimensional models. This enables the investigation of item bias with respect
to any factor or variable (e.g., continuous or categorical, latent or manifest). Uniform bias can
then be investigated by testing the significance of direct effects of these additional factors on the
observed items. Advantages of the multidimensional SEM approach over the multigroup SEM
approach are that continuous variables can be included in the model without categorizing them,
and that item bias can be investigated with respect to several variables simultaneously.
The objective of the present paper is threefold. First, we apply the multigroup SEM approach
to investigate gender- and age-related item bias in each subscale of the HADS. Second, we
apply the multidimensional SEM approach to both subscales of the HADS, and investigate
gender- and age-related item bias simultaneously. Third, we compare the results of both SEM
approaches to the results of the three item bias detection methods that were investigated by
Cameron et al (2014).

Method
A total of 1068 adults who consulted a primary care professional in North East Scotland
completed the HADS (for more details on data collection see Cameron, Lawton, & Reid, 2009).
The HADS is a 14-item self-report instrument that consists of an anxiety (HADS-A; 7 items)
and depression (HADS-D; 7 items) subscale where higher scores represent greater symptom
severity. All items are answered on an ordinal response scale with four response categories.
Statistical analyses
Structural equation modeling (SEM) was used to investigate gender- and age-related item bias in
the anxiety and depression subscales of the HADS. To accommodate discrete ordinal responses,
we applied the structural equation modeling approach proposed by Verdam, Oort, & Sprangers
(2016). This approach includes two stages: (1) establishing a model of underlying continuous
variables that represent the observed discrete variables, (2) using these underlying continuous
variables to establish a common factor model for the detection of item bias, and to assess true
change. The SEM approach with discrete data was originally illustrated with longitudinal data,
but can also be applied to the multigroup situation. Statistical analyses were performed using the
PRELIS (Stage 1) and LISREL (Stage 2) programs ( Jöreskog & Sörbom, 1996).
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Multigroup SEM procedure
Gender- and age-related item bias was investigated for the anxiety and depression subscales of the
HADS separately, by comparing a ‘reference’ and ‘focal’ group. For age, there were 814 participants
in the reference group (< 65 years) and 254 participants in the focal group (> 65 years). For gender,
there were 633 participants in the reference group (women) and 435 in the focal group (men).
Figure 1 gives a graphical representation of the multigroup model for item bias detection.
In Stage 1, the model of underlying continuous variables that represent the observed discrete
variables was used to estimate thresholds and polychoric correlations under the assumption of
bivariate normality in both groups. Thresholds of the same items were constrained to be equal
across groups. The tenability of the assumption of underlying bivariate normality in each
group was evaluated using the root mean square error of approximation (RMSEA; Steiger &
Lind, 1980; Steiger, 1990), with the criterion that RMSEA values should not be larger than
0.1 ( Jöreskog, 2002). When the hypothesis of bivariate normality under equal thresholds
holds for all pairs of variables, the estimated polychoric correlations, variances and means
of the underlying continuous variables can be used in subsequent analyses of Stage 2. When
the hypothesis of bivariate normality does not hold, then this indicates that the assumption
of multivariate normality (under equal thresholds) is not tenable. A possible solution for this
problem is to eliminate the offending variable(s).
In Stage 2, Step 1, the estimates from the underlying variables from Stage 1 were used to
establish a multigroup common factor model (e.g., a one-factor model for “Anxiety”, with
seven indicator items, for both men and women; see Figure 1). The Measurement Model has
no across groups constraints. To test whether the Measurement Model holds, goodness-of-fit
can be assessed using the chi-square test statistic. The chi-square test was used to evaluate exact
goodness-of-fit, where a significant chi-square indicates a significant difference between data
and model. In addition, the RMSEA value was used as a measure of approximate goodness-of-fit,
where values below .08 indicate ‘reasonable’ approximate fit and below .05 ‘close’ approximate
fit (Browne & Cudeck, 1992).
In Step 2, the No Item Bias Model was fitted to the data, where all measurement parameters
were constrained to be equal across groups. Item bias was operationalized as across-group
differences between values of intercepts (i.e., uniform item bias; across-group differences in the
endorsement of an item, independent from the latent trait variable) and differences between
common factor loadings (i.e., nonuniform item bias; across-group differences in the extent to
which an item measures the latent trait variable). To test for the presence of item bias, the No
Item Bias Model can be compared to the Measurement Model. The chi-square difference test
was used to test the difference in exact fit, where a significant chi-square difference indicates that
the No Item Bias Model has significantly worse fit as compared to the Measurement Model. If
the invariance restrictions of the No Item Bias Model led to a significant deterioration in model
fit, this indicated the presence of item bias.
In case of item bias, in Step 3, a step-by-step modification of the No Item Bias Model was used
to arrive at the Final Model in which all items that showed item bias were taken into account.
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Figure 1 | The two-group model for gender-related item bias detection in the anxiety subscale of the HADS
Notes: Similar models have been used for the detection of age-related item bias in the anxiety subscale of the HADS, and
for the detection of gender- and age-related item bias in the depression subscale of the HADS. The squares represent the
underlying continuous variables associated with the observed item responses of Item 1 to Item 13. The circle at the top
is the underlying common factor Anxiety, which represents everything that Item 1 to Item 13 have in common. Each
item is associated with a residual factor, which represents everything that is specific to the corresponding item Item bias
is operationalized as across group differences in intercepts (uniform) and factor loadings (nonuniform).

The identification of item bias was guided by an iterative procedure, where each across-group
constraint was set free one at a time, and the freely estimated parameter that led to the largest
improvement in fit was included in the model. Each indication of bias was tested by evaluating
the improvement in model fit using the chi-square difference test to evaluate differences in exact
fit. In addition, the Final Model was compared to the Measurement Model to test equivalence of
exact fit as an indication that all apparent item bias was taken into account. To give an indication
of the size of the detected item bias, we calculated Cohen’s d effect size indices for the impact of
both uniform and nonuniform item bias on the differences between the item means across groups
(see Oort, 2005 for more details), where values of 0.2, 0.5, and 0.8 indicate small, medium, and
large effects (Cohen, 1988). Following the example of Cameron et al. (2014), we used importance
criteria in addition to significance criteria for the detected item bias (see also Table 2), where item
bias was considered ‘important’ when the size of the item bias was larger than 0.2.
In Step 4, the estimates of common factor means of the Final Model, in which all apparent
item bias was taken into account, was used to assess ‘true’ differences between the groups.
Cohen’s d effect size was calculated to give an indication of the size of the difference.
Multidimensional SEM procedure
Gender- and age-related item bias was investigated for the anxiety and depression subscales
of the HADS simultaneously, by including both age and gender as exogenous variables in the
multidimensional model. Figure 2 gives a graphical representation of the multidimensional
model for item bias detection. The procedure for item bias detection using the multidimensional
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approach was largely similar to the procedure for item bias detection using the multigroup
approach. Here, we describe only the differences in the procedures. In Stage 1, correlations
between all variables in the model (i.e., the underlying variables that correspond to the observed
items and the exogenous variables) were estimated. In Stage 2, Step 1, the estimates from the
underlying variables from Stage 1 were used to establish a multidimensional common factor
model that included the common factors “Anxiety” and “Depression”, each with seven indicator
variables. In Step 2, the multidimensional model was extended to include the variables “Age”
and “Gender”. These variables were allowed to correlate with the common factors, but all direct
effects of Age and Gender on the items were constrained to zero. This model is referred to as the
No Item Bias Model. The overall model fit of this model was used to give an indication of the
presence of item bias. In Step 3, an iterative procedure was used, where each constrained direct
effect of the exogenous variables age and gender was set free to be estimated one at a time, and the
freely estimated parameter that led to the largest improvement in fit was included in the model.
When freeing additional parameters did not lead to an improvement in model fit, this was taken
as an indication that all apparent bias was taken into account. The importance criterion for item
bias was evaluated using the standardized direct effects, which can be interpreted as effect size r,
with values of 0.1, 0.3, and 0.5 indicating small, medium, and large effect sizes (Cohen, 1988). In
Step 4, the correlations between the exogenous variables age and gender and the common factors
of the Final Model, in which all apparent bias has been taken into account, were used to assess
‘true’ differences between the genders, and ‘true’ associations with age.

Figure 2 | The multidimensional model for gender- and age-related item bias detection in the anxiety and
depression subscales of the HADS
Notes: The squares represent the underlying continuous variables associated with the observed item responses of Item 1 to
Item 14. The circles at the top are the underlying common factors Anxiety and Depression. Anxiety represents everything
that Item 1 to Item 13 have in common, whereas Depression represents everything that Item 2 to Item 14 have in common.
Each item is associated with a residual factor, which represents everything that is specific to the corresponding item The
multidimensional model includes two exogenous variables: Gender and Age. Uniform item bias is operationalized as
significant direct effects of the exogenous variables on the indicator variables (i.e., Item 1 to Item 14).
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Results
Results of item bias detection are presented in Table 1, where the items that were identified
as having bias by one of the SEM approaches are compared to the results from Cameron et al.
(2014) in Table 2. We first report results of the multigroup SEM approach, and then of the
multidimensional SEM approach.
Multigroup SEM approach
Results of Stage 1 indicated that the hypothesis of bivariate normality under equal thresholds
was tenable for all item pairs, for both subscales and both gender- and age-groups. Estimated
polychoric correlations, variances and means were used in subsequent analyses of Stage 2. We
report results of gender- and age-related item bias for each subscale of the HADS separately.
Anxiety subscale. Gender related item bias. Results of Stage 2 indicated that the Measurement
Model showed close approximate fit (Model 1a, Table 1). Imposition of equality constraints
on measurement parameters across groups yielded the No Item Bias Model (Model 1b).
The No Item Bias Model showed a significant deterioration in model fit as compared to the
Measurement Model, indicating the presence of gender-related item bias of the HADS-A (see
Table 1). Indications of uniform bias were detected for Item 9 (CHISQdiff (1) = 14.54, p <
.001), and for Item 11 (CHISQdiff (1) = 30.57, p < .001). The Final Model, in which both biases
were incorporated in the model, showed close approximate fit (Model 1c, Table 1). Although
the Final Model did not yield equivalent fit as compared to the Measurement Model, freeing
additional parameters did not significantly improve model fit.
Age-related item bias. The Measurement Model showed close approximate fit (Model 3a, Table 1).
The No Item Bias Model yielded a significant deterioration in model fit, indicating the presence
of age-related item bias of the HADS-A. Two items with uniform bias, and one item with
nonuniform bias were identified. The Final Model that incorporated these three biases (Model
3c) showed equivalent fit compared to the Measurement Model (see Table 1). Uniform bias was
detected for Item 1 (CHISQdiff (1) = 18.36, p < .001), and for Item 13 (CHISQdiff (1) = 50.78,
p < .001), whereas nonuniform bias was detected for Item 3 (CHISQdiff (1) = 12.31, p < .001).
True differences between the groups. Inspection of common factor means showed that men score
significantly lower on the Anxiety factor as compared to women (d = -0.30, p < .001), and that
patients aged above 65 scored significantly lower on the Anxiety factor compared to patients
aged below 65 (d = -0.76, p < .001).
The depression subscale. Gender-related item bias. The Measurement Model indicated
close approximate fit (Model 2a, Table 1). Comparison of the No Item Bias Model with the
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Measurement Model indicated the presence of gender-related item bias of the HADS-D. Stepby-step modification of the No Item Bias Model yielded the Final Model in which all bias was
taken into account (Model 2c, Table 1). For Item 4 both uniform bias (CHISQdiff (1) = 16.55,
p < .001), and nonuniform bias was detected (CHISQdiff (1) = 14.47, p < .001). In addition,
nonuniform bias was detected for Item 10 (CHISQdiff (1) = 18.85, p < .001). The Final Model
showed equivalent fit as compared to the Measurement Model (see Table 1).
Age-related item bias. The Measurement Model showed close approximate fit (Model 4a, Table
1), but comparison with the No Item Bias Model indicated the presence of age-related item
bias of the HADS-D (see Table 1). Uniform bias was detected in four items, and nonuniform
bias was detected in three items, where one item showed both uniform and nonuniform bias.
The Final Model, that included all apparent bias, showed close approximate fit (Model 4c).
Although the Final Model did not yield equivalent fit as compared to the Measurement Model
(see Table 1), freeing additional parameters did not significantly improve model fit. Uniform
bias was detected for Item 4 (CHISQdiff (1) = 63.68, p < .001), Item 6 CHISQdiff (1) = 102.97,
p < .001), Item 10 (CHISQdiff (1) = 40.12, p < .001), and Item 14 (CHISQdiff (1) = 30.57, p <
.001). Nonuniform bias was detected for Item 4 (CHISQdiff (1) = 16.06, p < .001), and Item 12
(CHISQdiff (1) = 20.51, p < .001).
True differences between the groups. There were no significant differences between men and
women (d = 0.03, p = .64) or between the age groups (d = 0.03, p = .70) with respect to their
scores on the underlying Depression factor.
Multidimensional SEM approach
Results of Stage 1 indicated that the hypothesis of bivariate normality under equal thresholds
was tenable for all combinations of items and exogenous variables. The estimated (polychoric)
correlations, variances and means of all variables were used for subsequent analyses in Stage 2.
In Stage 2, the Measurement Model that included both HADS subscales showed reasonable
approximate fit (Model 5a, Table 1). The No Item Bias Model that included the variables
Age and Gender did not show acceptable fit (Model 5b), indicating the presence of item bias
(see Table 1). Uniform bias was detected in four items of the HADS-A, and six items of the
HADS-D. The Final Model, that included all apparent bias, showed reasonable approximate fit
(Model 5c, Table 1).
The anxiety subscale. Gender-related bias of the HADS-A was detected for Item 9 (CHISQdiff
(1) = 24.2, p < .001), and Item 11 ( CHISQdiff (1) = 97.9, p < .001). Age-related bias of the
HADS-A was detected for Item 1 (CHISQdiff (1) = 64.0, p < .001), and Item 13 (CHISQdiff (1)
= 104.8, p < .001).
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The depression subscale. Gender-related bias of the HADS-D was detected for Item 2
(CHISQdiff (1) = 22.9, p < .001), Item 6 (CHISQdiff (1) = 28.2, p < .001) and Item 14 (CHISQdiff
(1) = 28.9, p < .001). Age-related bias of the HADS-D was detected for Item 4 (CHISQdiff (1)
= 25.9, p < .001), Item 6 (CHISQdiff (1) = 66.4, p < .001), Item 8 (CHISQdiff (1) = 20.8, p <
.001), Item 10 (CHISQdiff (1) = 37.6, p < .001), and Item 14 (CHISQdiff (1) = 52.5, p < .001).
True differences and associations. Inspection of parameter estimates of The Final Model
showed that there was a significant positive association between Anxiety and Depression (r =
0.83, p < .001), indicating that symptom severity with respect to Anxiety goes together with
symptom severity with respect to Depression. There was a significant negative association
between Age and Anxiety (r = -0.24, p < .001), indicating that older patients scored lower
on Anxiety than younger patients. There was also a significant negative association between
Gender and Anxiety (r = -0.16, p < .001), indicating that men scored lower on Anxiety than
women. The association between Gender and Depression was negative, and between Age and
Depression was positive, but not significant (r = -0.04, p = . 19, and r = 0.01, p = .74 respectively).
Lastly, there was a significant positive association between Age and Gender (r = 0.11, p < .001),
indicating that men were - on average - significantly older than women.
Comparison with Cameron et al
With regards to the anxiety subscale of the HADS, both the multigroup SEM approach and
multidimensional SEM approach identified uniform gender-related bias in Items 9 and 11, and
uniform age-related bias in Items 1 and 13. In addition, with the multigroup SEM approach
nonuniform age-related bias was detected in Item 3. These results are largely consistent with the
results from Cameron et al., both in size and direction of detected bias. All methods identified
age-related bias in Item 1, and the gender-related bias in Items 9 and 11 was also identified by
the contingency tables method and the ordinal logistic regression method. The Rasch method
detected uniform gender-related bias in Item 11, but the result was in the opposite direction. The
(small) uniform age-related bias of Item 13 was not detected by the methods of Cameron et al.,
although the results of the contingency tables method and ordinal logistic regression method
almost reached statistical significance for this item.
With regards to the depression subscale, the methods reported by Cameron et al. did not detect
gender-related item bias, whereas both SEM methods did detect gender-related bias, but not in the
same items. All three methods reported by Cameron et al. detected age-related bias in Items 6, 8,
and 10. The results of the multigroup SEM approach confirmed the age-related bias in Items 6
and 10, and the results from the multidimensional SEM approach confirmed the age-related bias
in all three items. However, the SEM approaches identified additional items with uniform and
nonuniform age-related bias. Results of uniform age-related item bias from the multigroup SEM
approach and multidimensional SEM approach are largely consistent, both in size and direction.
Using the multigroup SEM approach we also detected nonuniform item bias in two items.
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61.02
163.2

Multigroup age-related item bias detection
Anxiety subscale
3a Measurement Model
28

3b No Item Bias Model

40

70.02

37

Final Model

2c

120.9

40

2b No Item Bias Model

46.26

28

Depression subscale
2a Measurement Model

81.29

38

1c

Final Model

126.4

40

1b No Item Bias Model

CHISQ

50.64

Df

Multigroup gender-related item bias detection
Anxiety subscale
1a Measurement Model
28

Model

< .001

< .001

< .001

< .001

.016

< .001

< .001

.005

p-value

Model 1a

[0.051 ; 0.076]
0.046

[0.064 ; 0.088]

[0.031 ; 0.063]
0.076

0.047
Model 3a

Model 2a

[0.049 ; 0.074]
0.041
[0.026 ; 0.055]

Model 2a

[0.015 ; 0.052]
0.062

0.035

[0.032 ; 0.060]

Model 1a

Compared
to

[0.021 ; 0.056]
0.064

0.039

[90% CI]

RMSEA

12

9

12

10

12

Dfdiff

102.1

23.76

74.63

30.65

75.76

CHISQdiff

< .001

.005

< .001

< .001

< .001

p-value

Table 1 | Goodness of overall model fit and difference in model fit of the models for gender- and age-related item bias detection models in Stage 2; for both the
multigroup structural equation modeling approach, and the multidimensional structural equation modeling approach
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34

4c

83.24

357.2

42.59

81.71

88

5c

455.71

1029.8

Model 4a

[0.111 ; 0.134]
0.052

< .001

[0.057 ; 0.068]

[0.088 ; 0.098]
0.063

[0.065 ; 0.077]
0.093

0.071

[0.038 ; 0.066]

Model 4a

[0.008 ; 0.049]
0.122

< .001

Model 3a

0.031

[0.04 ; 0.062]

0.048

.038

< .001

6

12

9

40.65

314.6

20.69

< .001

< .001

.014

Notes: N = 1068; Overall model fit and difference in fit was evaluated using WLS chi-square values that are provided in the standard LISREL output (denoted C2_NNT)

Final Model

100

5b No Item Bias Model

Multidimensional gender- and age-related item bias detection
Anxiety and depression subscale
5a Measurement Model
76
485.05

Final Model

40

4b No Item Bias Model

37

28

Final Model

Depression subscale
4a Measurement Model

3c
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152

0.16
-0.06
0.35
-0.17
-0.08
-0.27
-0.44

HADS-D
2. I still enjoy the things I used to enjoy
4. I can laugh and see the funny side of things

6. I feel cheerful
8. I feel as if I am slowed down
10. I have lost interest in my appearance
12. I look forward with enjoyment to things
14. I can enjoy .. book or radio or TV

-0.19
0.16
0.11
0.22
-0.35

-0.07
0.07

0.16
0.13
0.09
-0.20
0.44
-0.62
0.08

1.65
-1.39
-0.67
-2.34
2.91

0.72
-0.68

-1.03
-1.21
-0.74
1.68
-3.64
4.70
-0.79
-0.20a
0.01b
-0.01b
-

-0.16a
0.26a
0.49
-0.33
-1.11
0.92
-0.60
0.39
-0.56

0.11a
0.12a

-0.77
0.08
-0.16
0.06
-0.36
0.25
0.58

0.07a
-

-0.13a
0.12a
-

-0.77
1.03
-0.52
0.18
-0.41

0.37
-0.24

-0.61
0.05
-0.17
0.06
-0.28
0.40
0.34

-5.16
6.72
-3.66
2.00
-2.46

3.13
-1.11

-3.78
0.54
-1.01
-0.76
-2.12
1.99
3.24

-0.66a
0.01b
-0.56a
-0.34a
-0.01b
-0.24a

-0.27a
0.09b
0.18a

-0.23a
0.14a
-0.14a
-0.18a

-0.13a

-0.09a
0.07a

Notes: 1 Log odds ratios are presented, where items were regarded as having important bias if the absolute magnitude of the log odds ratio was greater than 0.64 and p < 0.001. 2 Contrasts
with absolute values greater than 0.50 and p < 0.05 were taken as an indication of important item bias. 3 Standardised Liu-Agresti Cumulative Common Log-Odds Ratios (LOR Z) are
presented, where absolute values greater than 2 and p < .001 are considered important item bias. 4 Effect-sizes indices d are presented. For uniform item bias, these refer to the difference in
intercept parameters between the groups, divided by the pooled standard deviation. For nonuniform item bias these refer to the difference in factor loading parameter multiplied with the
difference in common factor means between the groups, divided by the pooled standard deviation. Effect-sizes larger than .20 and p < .001 are indicative of important item bias. 5 Effectsizes indices r are presented, which are the standardized direct effect of Gender/Age on the specific item. Effect-sizes larger than .10 and p < .001 are indicative of important item bias. a
Uniform item bias. b Nonuniform item bias. Results meeting the criteria for important item bias are marked in bold, results meeting only the significance criterion are marked in italics.

-0.16
-0.22
-0.10
0.20
-0.49
0.58
-0.10

Item
HADS-A
1. I feel tense or wound up
3. I get a … feeling as if something awful…
5. Worrying thoughts go through my mind
7. I can sit at ease and feel relaxed
9. I get a .. feeling like ‘butterflies’ in the stomach
11. I feel restless as if I have to be on the move
13. I get sudden feelings of panic

Gender-related item bias
Age-related item bias
1
2
3
4
5
LOGR RASCH CONT SEM-MG SEM-MD LOGR1 RASCH2 CONT3 SEM-MG4 SEM-MD5

Table 2 | Results of gender- and age-related item bias detection in the anxiety and depression scales of the HADS questionnaire using the multigroup structural equation
modeling (SEM-MG) and multidimensional structural equation modeling (SEM-MD) approaches. Results are compared to the item bias detection results as reported
by Cameron et al. (2014) from the ordinal logistic regression method (LOGR), the Rasch model method (RASCH), and the contingency table method (CONT)
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Discussion
Two different SEM approaches were applied to detect gender- and age item bias in the anxiety
and depression subscales of the HADS, to account for item bias, and to more validly compare
patients’ anxiety and depression. Results from both the multigroup SEM approach and the
multidimensional SEM approach confirmed the results of the ordinal logistic regression, item
response theory (IRT), and contingency tables methods reported by Cameron et al. (2014).
However, in general, the SEM approaches identified more items. These differences may
indicate that the SEM method has more power to detect effects. Below we provide substantive
interpretation of item bias that was consistently detected by the different approaches.
With regards to the anxiety subscale of the HADS, the detected gender-bias indicates that
men, compared to women, scored relatively low on Item 9, “I get a … feeling like ‘butterflies’ in
the stomach”, and relatively high on Item 11, “I feel restless as if I have to be on the move”. This
result indicates that anxiety symptoms manifested themselves differently in men as compared
to women, where restlessness was more prevalent in men and ‘butterflies’ in the stomach were
more prevalent in women, relative to the anxiety level. In addition, we found that patients aged
above 65, as compared to patients aged below 65, scored relatively high on Item 1, “I feel tense
or wound up”, and Item 13, “I get sudden feelings of panic”. These results indicate that older
patients experienced more symptoms of panic and tenseness, relative to their level of anxiety.
With regards to the depression subscale of the HADS, age-related bias was detected for
Items 6, 8 and 10. Taking into account reversed scoring of contra-indicative items, we found that
patients aged above 65, as compared to patients aged below 65, scored relatively high on Item 6
(“I feel cheerful”), Item 8 (“I feel as if I am slowed down”), and relatively low on Item 10 (“I have
lost interest in my appearance”). These results show that older patients more easily indicated to
be cheerful, but also that they were slowed down, whereas they indicated losing less interest in
their appearance, relative to their level of depression. In addition, we also found that patients
aged above 65, as compared to patients aged below 65, scored relatively high on Item 4 (“I can
laugh and see the funny side of things”), and Item 14 (“I can enjoy … book or radio or TV”).
These results show that older patients more easily indicated to see the funny side of things and
enjoy a book, relative to their level of depression.
The results of Cameron et al. (2014) were generally consistent with the results of both SEM
approaches applied in the present paper. To further investigate and compare the appropriateness
of the different item bias detection methods, a simulation study would be required to investigate
whether uniform and nonuniform item bias can be correctly identified. In such a simulation
study one could, for example, investigate the performance of these different approaches under
different circumstances, e.g., the size of the item bias, the direction of the item bias, the type of
item bias, the number of items affected by bias, etc.
The multigroup SEM approach and the multidimensional SEM approach showed some
differences with respect to the detection of item bias. Differences between the two SEM
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approaches can occur because of several reasons. One reason may be that when age and gender
are related, then age-related item bias may be detected in the multigroup SEM approach only
because there exists gender-related item bias (or vice versa), whereas in the multidimensional
SEM approach possible relations between gender and age are taken into account. In the
present application, the age-related item bias that was detected for Item 4 and Item 10 using
the multidimensional SEM approach may have sufficiently explained the apparent gender
differences on these items that were detected using the multigroup SEM approach. For two of
the three additional items that were identified with uniform gender bias in the multidimensional
SEM approach, results were in the opposite direction of the age-related bias that was detected
for these items. These effects might have been obscured in the multigroup SEM approach due to
the association between gender and age.
Another difference between the multigroup SEM approach and the multidimensional SEM
approach that was applied, is that the latter did not include the investigation of nonuniform
item bias. Although it has been shown that investigation of nonuniform item bias is possible by
including interaction-terms between the underlying trait of interest and the other exogenous
variables, these type of extensions are not easily implemented and were therefore not applied in
the present paper. Even though possible nonuniform item bias thus remained undetected, it did
not seem to have influenced the identification of uniform item bias.
Finally, another reason for possible differences between the two SEM approaches is that the
multidimensional SEM approach may have larger power to detect uniform item bias. Further
investigation and comparison of the multigroup and multidimensional models is needed to
substantiate the appropriateness of these different methods under different circumstances, and
better explain possible differences in the detected effects.
To conclude, both the multigroup SEM approach and multidimensional SEM approach can
be applied to detect bias in observed item scores. Advantages of the multigroup SEM approach
over other item bias detection methods (e.g., the ordinal logistic regression, IRT, and contingency
tables methods used by Cameron et al.) are that it uses a latent trait operationalization, it can
detect both uniform and nonuniform bias, and possible item bias can be taken into account to
assess true differences between groups. In addition, the extension to multidimensional models
enables the investigation of item bias with respect to any factor or variable (e.g., continuous
or categorical, latent or manifest), where continuous variables can be included in the model
without categorizing them, and item bias can be investigated with respect to several variables
simultaneously. Therefore, the SEM method provides a flexible tool for the investigation of item
bias in health-related questionnaires, and may thus ultimately provide a more valid comparison
of patients’ well-being that is relevant for both research and clinical practice.
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CHAPTER 8
The Impact of Response Shift on the Assessment of Change:
Calculation of Effect-Size Indices
Using Structural Equation Modeling

he investigation of response shift in patient-reported outcomes (PROs) is important in
both clinical practice and research. Insight into the presence and strength of response shift
effects is necessary for a valid interpretation of change in PROs. In this paper we illustrate
how to evaluate the impact of response shift on the assessment of change through the
calculation of effect-size indices of change. Specifically, when response shift is investigated
through structural equation modeling (SEM), observed change can be decomposed
into: 1) change due to recalibration response shift, 2) change due to reprioritization
and/or reconceptualization response shift, and 3) change due to change in the construct
of interest. Subsequently, calculating distribution-based effect-size indices of change
(i.e., standardized mean difference (SMD), standardized response mean (SRM), the
probability benefit (PB), probability net befit (PNB), and the number needed to treat
to benefit (NNTB)) enables evaluation and interpretation of the clinical significance
of these different types of change. Change was investigated in health-related quality of
life data from 170 cancer patients, assessed prior to surgery and three months following
surgery. Results indicated that patients deteriorated on general physical health and
general fitness (effect size SRM = -0.72, and SRM = -0.37), and improved on general
mental health (SRM = 0.48). The decomposition of change showed that the impact of
response shift on the assessment of change was small. We conclude that SEM can be used
to enable the evaluation and interpretation of the impact of response shift effects on the
assessment of change, particularly through calculation of effect-size indices of change.
Insight into the occurrence and clinical significance of possible response shift effects will
help to better understand changes in PROs.

This chapter is based on: Verdam, M. G. E., Oort, F. J., & Sprangers, M. A. G. (2016). The
impact of response shift on the assessment of change: Calculation of effect-size indices using
structural equation modeling. Manuscript submitted for publication.
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Introduction
Patient-reported outcomes (PROs) have become increasingly important, both in clinical
research and practice. PROs may include measures of subjective wellbeing, functional status,
symptoms, or health-related quality of life (HRQL). The patient perspective on health provides
insight into the effects of treatment and disease that is imperative for understanding health
outcomes. PROs thus present important measures for evaluating the effectiveness of treatments
and changes in disease trajectory, especially in chronic disease (Revicki, Hays, Cella, & Sloan,
2008), and palliative care (Ferrans, 2007).
The investigation and interpretation of change in PROs can be hampered because different
types of change may occur. Differences in the scores of PROs are usually taken to indicate
change in the construct that the PROs aim to measure. However, these differences can also
occur because patients change the meaning of their self-evaluation. Sprangers & Schwartz
(1999) proposed a theoretical model for change in the meaning of self-evaluations, referred to as
‘response shift’. They distinguish three different types of response shift: recalibration refers to a
change in respondents’ internal standards of measurements; reprioritization refers to a change in
respondents’ values regarding the relative importance of subdomains; and reconceptualization
refers to a change in the meaning of the target construct. As the occurrence of response shift may
impact the assessment of change, the detection of possible response shift effects is important for
the interpretation of change in PROs. One of the methods that can be used to investigate the
occurrence of response shift is the structural equation modeling (SEM) approach (Oort, 2005).
Advantages of the SEM approach are that it enables the operationalization and detection of the
different types of response shift, and that it can be used to investigate change in the construct of
interest (e.g., HRQL) while taking possible response shifts into account.
Although clinicians and researchers acknowledge the occurrence of response shift, little is
known about the magnitude and clinical significance of those effects (Schwartz et al., 2006).
The detection of response shift is usually guided by tests of statistical significance. Although
statistical tests can be used to determine whether occurrences of response shift are statistically
significant, they cannot be taken to imply that the result is also clinically significant (i.e.,
meaningful). Statistical significance tests protect us from interpreting effects as being ‘real’ when
they could in fact result from random error fluctuations. However, statistical significance tests
do not protect us from interpreting small, but trivial effects as being meaningful. Therefore,
assessing the meaningfulness of change in PROs has been an important research focus
(Cappelleri & Bushmakin, 2014; Sloan, Cella, & Hays, 2005), as it is imperative for translating
results to patients, clinicians or health practitioners. However, there is no universally accepted
approach to determine the meaningfulness of change in PROs (Wyrwich, et al., 2005).
One of the approaches that can be used to determine the clinical significance of change in
PROs is to calculate distribution-based effect-size indices. Distribution-based effect sizes are
calculated by comparing the change in outcome to a measure of the variability (e.g., a standard
156

Calculating effect size indices with structural equation modeling

deviation). The resulting effect sizes are thus standardized measures of the relative size of effects.
They facilitate comparison of effects from different studies, particularly when outcomes are
measured on unfamiliar or arbitrary scales (Coe, 2002). In addition, previous research has
shown that distribution-based indices often lead to similar conclusions as when the clinical
significance of effects is directly linked to patients’ or clinicians’ perspectives on the importance
of change, i.e. so-called anchor-based indices of effects (Cella, et al., 2002; Eton, et al., 2004;
Jayadevappa, Malkowicz, Wittink, Wein, & Chhatre, 2012). Furthermore, the interpretation of
effect-size indices as indicating ‘small’, ‘medium’, or ‘large’ effects is possible using general ‘rules
of thumb’ (e.g., Cohen, 1988). Therefore, distribution-based effect-size indices can be used to
convey information about the clinical meaningfulness of results.
The aim of this paper is to explain the calculation of effect-size indices within the SEM
framework for the investigation and interpretation of change. In addition, we explain how this
enables the evaluation and interpretation of the impact of response shift on the assessment of
change. Specifically, we use SEM to decompose observed change into change due to response
shift, and change due to the construct of interest (i.e., ‘true’ change). Subsequently, we illustrate
the calculation and interpretation of various effect-size indices, i.e. the standardized mean
difference, the standardized response mean, the probability of benefit, the probability of net
benefit, and the number needed to treat to benefit, for each component of the decomposition.
This enables the evaluation of the contributions of response shift and true change to the overall
assessment of change in the observed variables. To illustrate, we will use SEM to investigate
change in data from 170 cancer patients, who’s HRQL was assessed prior to surgery and three
months following surgery. We aim to show that distribution-based effect-size indices can
contribute to the clinical interpretability of change in PROs.

Method
Calculation of effect-size indices of change
Throughout this paper we will use the difference between the scores on a pre- and post-test as an
example to explain the calculation of effect-size indices of change.
Standardized mean difference (SMD). One of the distribution-based methods to describe
the magnitude of change, is to express the difference between pre- and post-test means in
standard deviation units (see Table 1). The resulting standardized mean difference (SMD) can
be estimated using sample statistics, where the observed sample means serve as estimates for
the population means. However, for the estimation of the population standard deviation, there
are various options. One option is to use the standard deviation of the pre-test. The resulting
effect-size is a measure of change between pre- and post-test in terms of standardized units of
between-subject variability at baseline (i.e., before the start of treatment). Other options for the
calculation of the SMD effect size include using the pooled standard deviation (i.e., treating the
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pre- and post-test assessments as if they were independent; Olejnik & Algina, 2000), and using
the standard deviation of a subsample of patients (e.g., stable or improved patients; see Middel
& van Sonderen, 2002). However, the pre-test standard deviation is thought to provide the
best estimate of the population standard deviation as it is not yet affected by the occurrences
between pre-and post-test (Kazis, Anderson, & Meenan, 1989). As this approach seems to be
used most often in the literature (e.g., Copay, Subach, Glassman, Polly, & Schuler, 2007; Durlak,
2009; Hojat & Xu, 2004; Norman, Wyrwich, & Patrick, 2007; Schwartz, et al., 2006), we refer
to the resulting effect size as the SMD effect size (see Table 1).
Standardized response mean (SRM). An alternative to using the pre-test standard
deviation for the calculation of effect-size indices of change, is to use the standard deviation of
the difference. In fact, this is what Cohen (1988) suggested as an appropriate effect-size index of
change (p. 48), as it specifically takes into account the correlation between measurements (see
Table 1). It provides a measure of change between pre- and post-test in terms of standardized
units of between-subjects variability in change. The resulting effect size is known as the
standardized response mean (SRM), which has been argued to be most intuitive and relevant
for the interpretation of change (Liang, Fossel, & Larson, 1990). Moreover, using the standard
deviation of the difference as a standardizer results in an estimate that is equivalent to a z-value,
and thus facilitates the translation to other effect sizes (see Table 1). Therefore, in this paper we
use the SRM effect size as the preferred effect-size index of change.
Table 1 | Calculation of effect-size indices of change
Definition

Calculation

Standardized mean difference (SMD)

Standardized response mean (SRM)

Probability benefit (BP)
P(xpost,i > xpre,i)

PB = Φ(SRM)ª

Probability net benefit (PNB)
P(xpost,i > xpre,i) – P(xpost,i < xpre,i)

PNB = Φ(SRM) – (1 – Φ(SRM)) = 2Φ(SRM) – 1

Number needed to treat to benefit (NNTB)

ª

where Φ is the cumulative standard normal distribution.
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Interpretation of SMD and SRM effect sizes. As a general rule of thumb, values of 0.2,
0.5, and 0.8 of the SMD effect size can be interpreted as indicating ‘small’, ‘medium’, and ‘large’
effects respectively (Cohen, 1988). These rules of thumb were originally proposed for effect-size
indices as calculated with the within population standard deviation, and can thus be considered
appropriate for the interpretation of the SMD effect size of change as calculated with the pre-test
standard deviation. However, it has been argued that application of these rules of thumb for the
interpretation of the SRM effect size of change may lead to over- or under-estimation of effects
(Middel & van Sonderen, 2002), as the relation between the SMD and SRM effect sizes depends
on the correlation between the measurements (see Table 2). Specifically, the relation between the
pre-test standard deviation (under the assumption that pre- and post-test population standard
deviations are equal, i.e., σpre = σpost = σ) and the standard deviation of the difference, can be
formulated as follows: σdifference =
,1 where ρ pre,post is the correlation between the preand post-test. Thus, interpretation of the SRM effect size of change according to the general rules
of thumb may lead to an underestimation when the correlation between measurements is smaller
than 0.5, and to an overestimation when the correlation between measurements is larger than 0.5.
However, as it might not to be an unrealistic assumption that correlations between consecutive
measurements are generally around 0.5, the rules of thumb for interpretation of the SRM effect
size can be applied without a major risk of over- or under-valuation of the magnitude of effects.
Table 2 | The standardized response mean (SRM) a function of the standardized mean difference (SMD)
and varying correlations between measurements
Correlation between measurements
SMD

0.00

0.10

0.20

0.30

0.40

0.50

0.60

0.70

0.80

0.90

1.00

0.20

0.14

0.15

0.16

0.17

0.18

0.20

0.22

0.26

0.32

0.45

∞

0.50

0.35

0.37

0.40

0.42

0.46

0.50

0.56

0.65

0.79

1.12

∞

0.80

0.57

0.60

0.63

0.68

0.73

0.80

0.89

1.03

1.26

1.79

∞

Relation to other effect-size indices of change
The SRM effect-size indices of change express the magnitude of change in terms of standard
deviation units. To enhance clinical interpretability of the proposed effect-size index of change,
we explain how this effect size can be converted into other well-known effect-size indices that
have been proposed specifically for their intuitive (clinical) appeal.
Probability of benefit (PB). To enhance the interpretability of the magnitude of an effect, it
has been proposed to use an estimate of the probability of a superior outcome (Grissom, 1994).
In the context of pre- and post-test comparison this refers to the probability that a random
subject shows a superior post-test score as compared to the pre-test score, i.e. the probability
1
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that a random subject shows a positive change or improvement over time. We refer to this effect
size as the probability of benefit (PB), but it is also known as the probability of superiority (PS;
Grissom, 1994), the common language effect size (CLES; McGraw & Wong, 1992) and the
area under the curve (AUC). The effect size was proposed specifically for its intuitive appeal
and ease of interpretation, and has been recommended for developing insights about differences
(Kraemer & Kupfer, 2006). The PB effect size is defined as a function of the SRM (see Table 1).
Probability of net benefit (BNP). The PB effect size does not take into account possible
detrimental effects. That is, subjects may show a deterioration over time. The probability of such
harmful effects (probability of harm; PH) is defined as 1 – PB. The effect size that we refer to
as the probability of net benefit (PNB) is the difference between PB and PH (see Table 1). In
the context of pre- and post-test comparison, the PNB is calculated as the difference between
the probability that a random subject improves over time (i.e., PB), and the probability that
a random subject deteriorates over time (i.e., PH). Or, in other words, the net probability
that a random subject improves over time (i.e., PNB). This effect size is commonly applied to
binary outcomes, where it is known as the success rate difference (SRD; Rosenthal & Rubin,
1982), absolute risk reduction (ARR), or risk difference (RD). It is one of the effect sizes that is
recommended by the consolidated standards of reporting trials (Schulz et al., 2010).
Number needed to treat to benefit (NNTB). Another effect size that has been recommended
for clinical interpretability (Kraemer & Kupfer, 2006) is the number needed to treat (NNT;
Laupacis, Sackett, & Roberts, 1988). The NNT was originally defined for binary (success/
failure) outcomes, and refers to the number of subjects one would expect to treat to have one
more success (or one less failure) as compared to the control group. It facilitates interpretation
of effects in – clinically meaningful – terms of patients that need to be treated to reach a success
rather than probabilities of a success (Sedgwick, 2015). The NNT for continuous outcomes is
defined as the inverse of the PNB. As such, the NNT is also referred to as the number needed
to treat to benefit (NNTB). In the context of pre- and post-test comparison, the NNTB can be
interpreted as the expected number of patients that needs to be treated to have one more patient
show an improvement (i.e., benefit) as compared to the expected number of patients who show
a deterioration. When the PNB is negative (i.e., the net effect is harmful), then the NNTB is
interpreted as the expected number of patients that needs to be treated to have one more patient
show a deterioration (i.e., a harmful effect) as compared to the expected number of patients who
show an improvement.
Relation between different effect-size indices of change. The relation between the SRM
and the other effect-size indices of change (i.e., PB, PNB, and NNTB) can be used to derive the
respective values of these effect-size indices that correspond to different values of the SRM effect
size, including the 0.20, 0.50 and 0.80 thresholds for interpretation of ‘small’, ‘medium’ and
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‘large’ effects respectively (see Table 3). For example, a medium SRM effect size corresponds to
a PB effect size that indicates that 69% of patients show an improvement (i.e., PB = 0.69), where
38% more patients show an improvement as compared to a deterioration (PNB = 0.38), and
three patients need to be treated to have one more patient show an improvement as compared to
the number of expected patients who show a deterioration (NNTB = 2.61), i.e. for every three
patients that are treated two patients will improve as compared to one patient who deteriorates.
Table 3 | Relation between different effect-size indices of change

SRM

PB

PNB

NNTB

0.00

0.50

0.00

∞

0.10

0.54

0.08

12.55

0.20

0.58

0.16

6.31

0.30

0.62

0.24

4.24

0.40

0.66

0.31

3.22

0.50

0.69

0.38

2.61

0.60

0.73

0.45

2.21

0.70

0.76

0.52

1.94

0.80

0.79

0.58

1.74

0.90

0.82

0.63

1.58

1.00

0.84

0.68

1.46

1.10

0.86

0.73

1.37

1.20

0.88

0.77

1.30

1.30

0.90

0.81

1.24

1.40

0.92

0.84

1.19

1.50

0.93

0.87

1.15

1.60

0.95

0.89

1.12

1.70

0.96

0.91

1.10

1.80

0.96

0.93

1.08

1.90

0.97

0.94

1.06

2.00

0.98

0.95

1.05

8

Notes: SRM = standardized response mean; PB = probability of benefit; PNB = probability of net benefit, NNTB =
number needed to treat to benefit.

Decomposition of change
Within the SEM framework, the different response shifts are operationalized by differences
in model parameters. Specifically, changes in the pattern of common factor loadings (Λ) are
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indicative of reconceptualization response shift, changes in the values of the common factor
loadings are indicative of reprioritization response shift, and changes in the intercepts (τ) are
indicative of recalibration response shift. Changes in the means of the underlying factors (κ) are
indicative of ‘true’ change, i.e., change in the underlying common factor. The contributions of
the different types of response shifts and ‘true’ change to the changes in the observed variables
can be investigated using the decomposition of change (see Table 4). Specifically, using the
same standard deviation to standardize observed change, and the different elements of the
decomposition, enables evaluation and interpretation of the contribution of recalibration,
reprioritization and reconceptualization, and ‘true’ change, to the change in the observed
variables. In addition, the overall impact of response shift on the assessment of change in the
underlying construct of interest can be evaluated through the comparison of effect-size indices
for change in the means of the underlying common factors before and after taking into account
possible response shift effects.
Table 4 | Decomposition of observed change according to the SEM approach
Specification of observed means and observed change
Observed mean post-test
μpost = τpost + Λpost κpost
Observed mean pre-test
μpre = τpre + Λpre κpre
Observed change
(μpost – μpre) = (τpost + Λpost κpost) – (τpre + Λpre κpre)
Decomposition of change
Observed change = Recalibration + Reprioritization & Reconceptualization + True change
(μpost – μpre)

= (τpost – τpre)

+ (Λpost – Λpre)κpost

+ Λpre(κpost – κpre)

Notes: The Greek symbols reflect the parameter estimates of observed factor means (μ), intercepts (τ), common factor
loadings (Λ), and common factor means (κ).

Illustrative Example
To illustrate the calculation and interpretation of effect-size indices of change we used healthrelated quality of life (HRQL) data from 170 newly diagnosed cancer patients’. Patients’ HRQL
was assessed prior to surgery (pre-test) and three months following surgery (post-test). The sample
included 29 lung cancer patients undergoing either lobectomy or pneumectomy, 43 pancreatic
cancer patients undergoing pylorus-preserving pancreaticoduodenectomy, 46 esophageal cancer
patients undergoing either transhiatal or transthoracic resection and 52 cervical cancer patients
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undergoing hysterectomy. These data have been used before to investigate response shift, and
details about the study procedure, patient-characteristics and measurement instruments can be
found elsewhere (Visser et al., 2013; Visser, Oort, & Sprangers, 2005; Verdam, Oort, Visser, &
Sprangers, 2012).
Measures
HRQL was assessed using the SF-36 health survey (Ware et al., 1993) and the multidimensional
fatigue inventory (Smets, Garssen, Bonke, & de Haes, 1995), resulting in the following nine
scales: physical functioning (PF), role limitations due to physical health (role-physical, RP),
bodily pain (BP), general health perceptions (GH), vitality (VT), social functioning (SF), role
limitations due to emotional problems (role-emotional, RE), mental health (MH), and fatigue
(FT). For computational convenience the scale scores were transformed so that they all ranged
from 0 to 5, with higher scores indicating better health.
Measurement model
The measurement model is depicted in Figure 1 (see Oort, Visser, & Sprangers, 2005 for more
information on selection of this measurement model). The circles represent unobserved, latent
variables and the squares represent the observed variables. Three latent variables are the common
factors general physical health (GenPhys), general mental health (GenMent), and general fitness
(GenFitn). GenPhys is measured by PF, RP, BP and SF, GenMent is measured by MH, RE, and
again SF, and GenFitn is measured by VT, GH, and FT. Other latent variables are the residual
factors ResPF, ResRP, ResBP, etc. The residual factors represent all that is specific to PF, RP, BP,
etc., plus random error variation.
The measurement model was the basis for a structural equation model for pre-, and posttest with no across measurement constraints. Imposition of equality constraints on all model
parameters associated with response shift effects indicated the presence of response shift
(see Verdam et al., 2012 for more information). Four cases of response shift were identified:
reconceptualization of GH, reprioritization of SF as an indicator of GenPhys, and recalibration
of RP and BP (see Figure 1).
Effect-size indices of change
The parameter estimates of the model in which all response shifts were taken into account were
used for the decomposition of change to enable the calculation of effect-size indices of change, and
the contributions to change of the different response shift effects and ‘true’ change (see Table 5).
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Figure 1 | The measurement model used in response shift detection
Notes: Circles represent latent variables (common and residual factors) and squares represent observed variables (the
subscales of the HRQL questionnaires). Numbers are maximum likelihood estimates of the model parameters associated
with response shift: common factor loadings (reprioritization and reconceptualization), and intercepts (recalibration).
Values represent different pre-test (black) and post-test (red) estimates.

General Physical Health. There was an overall medium deterioration in GenPhys (standardized
response mean (SRM) = -0.72). Conversion of this effect-size into probability of benefit (PB),
the probability of net benefit (PNB), and the number needed to treat to benefit (NNTB) yielded
values of 0.23, -0.53, and -1.88 respectively. This indicates that only 23% of patients showed an
improvement over time (PB = 0.23), and that 53% more patients deteriorated than improved
(PNB = -0.53). The NNTB indicates that with every 1.88 patients to be treated, there would be
one more patient who shows a deterioration as compared to an improvement. In other words,
two of every three patients who are treated are expected to show a deterioration.
The contribution of ‘true’ change (i.e., the change in the observed indicators that is due to
change in the underlying common factors) was in the same direction and of similar magnitude
for the indicators that load only on GenPhys (i.e., RF, RP and BP; see Table 5). The indicator SF
loaded not only on GenPhys but also on GenMent, and therefore showed a deviating pattern of
change. The contribution of ‘true’ change in this indicator was a combination of the deterioration
of GenPhys and improvement of GenMent (see below), that cancelled each other out.
Three different response shifts were detected for the indicators of GenPhys. Patients’ SF
became more important to the measurement of GenPhys after treatment (with a contribution
to change: SRM = -0.10). In addition, patients scored higher on RP and BP after treatment,
as compared to the other indicators of GenPhys (with a contribution to change: SRM = 0.19,
and SRM = 0.17 respectively). These occurrences of response shift thus had small effects on the
change in the observed indicators. To illustrate, the response shift effect of BP can be translated
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as follows (see Table 5): 57% of patients showed a relative improvement (PB = 0.57), with 14%
more patients showing a relative improvement as compared to a relative deterioration (PNB
= 0.14). For every seven patients who are treated there would be one more patient who shows
a relative improvement due to recalibration response shift (NNTB = 7.21), i.e. four patients
would show a relative improvement as compared to three patients who are expected to show a
relative deterioration.
The influence of response shift on the assessment of change is apparent when we look at the
estimated effect sizes for observed change. Here, we can see that the deterioration in RP and BP
became somewhat smaller as was expected from only the change in GenPhys. In addition, the
observed change in SF was slightly more negative, than what would be expected only from the
changes in the underlying factors of GenPhys and GenMent. For the indicator PF there was no
response shift detected, and thus the observed change was equal to the contribution of ‘true’
change (i.e., the observed change in the indicator could be ascribed to change in GenPhys). If
response shift had not been taken into account, the change in the underlying common factor
GenPhys would have been estimated to be slightly smaller (SRM = -0.59, instead of SRM = -0.72).
General Mental Health. There was an overall small improvement in GenMent (SRM = 0.48;
PB = 0.69; PNB = 0.37; NNTB = 2.69). The contribution of ‘true’ change in the indicators
that load only on GenMent (MH and RE) was in the same direction and of similar magnitude
(see Table 5). There were no response shifts detected for these indicators, and thus all observed
change could be described to ‘true’ change.
Reconceptualization was detected for the indicator GH, which became indicative of
GenMent after treatment. The contribution of ‘true’ change in the decomposition of change
for GH showed a small deterioration (SRM = -0.15), reflecting not only the contribution of
‘true’ change (deterioration) in GenFitn (see below), but also the contribution of ‘true’ change
(improvement) in GenMent. The observed change in GH was thus less negative than what would
be expected only due to ‘true’ change in GenFitn. This contribution of reconceptualization
response shift of GH (with a contribution to change of SRM = .14) explains the deviating
pattern of observed change in de indicator GH (SRM = -.01). Although the detected response
shift had a small impact on the assessment of change at the level of the indicator, it did not
influence the overall change in the underlying common factor GenMent. If response shifts had
not been taken into account, the change in GenMent would have been estimated to be of similar
magnitude (SRM = 0.45 instead of SRM = 0.48).
General Fitness. There was an overall small deterioration of GenFitn (SRM = -0.37; PB =
0.35; PNB = -0.29; NNTB = -3.44). The two indicators (VT and FT) that loaded only on
GenFitn showed a deterioration in the same direction and with similar magnitude. There was
no response shift detected for these indicators, and thus the observed change in these indicators
could be attributed to ‘true’ change.
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Table 5 | Effect-size indices of (contributions to) change for the decomposition of change
Scale
Cohen’s SRM
Observed change: (μpost – μpre)
PF
-0.51
RP
-0.28
BP
-0.25
SF
-0.09
MH
0.37
RE
0.26
GH
-0.01
VT
-0.31
FT
-0.32

PB

PNB

NNTB

0.30
0.39
0.40
0.46
0.64
0.60
0.49
0.38
0.37

-0.39
-0.22
-0.19
-0.07
0.29
0.21
-0.01
-0.25
-0.25

-2.54
-4.61
-5.16
-13.73
3.49
4.85
-97.85
-4.06
-3.94

Response shift: (τpost – τpre) + (Λpost – Λpre)κpost
PF
0.58
RP
0.19a
a
0.57
BP
0.17
0.46
SF
-0.10b
MH
RE
0.55
GH
0.14c
VT
FT
-

0.15
0.14
-0.08
0.11
-

6.51
7.21
-12.56
9.14
-

True Change: Λpre(κpost – κpre)
PF
-0.51
RP
-0.47
BP
-0.42
SF
0.01
MH
0.37
RE
0.26
GH
-0.15
VT
-0.31
FT
-0.32

-0.39
-0.36
-0.33
0.01
0.29
0.21
-0.12
-0.25
-0.25

-2.54
-2.77
-3.07
159.57
3.49
4.85
-8.36
-4.06
-3.94

0.30
0.32
0.34
0.50
0.64
0.60
0.44
0.38
0.37

Notes: N = 170; SRM = standardized response mean, where values of 0.2, 0.5, and 0.8 indicate small, medium, and large
effects; PB = probability of benefit; PNB = probability of net benefit, NNTB = number needed to treat to benefit. a =
recalibration, b = reprioritization, c = reconceptualization.

166

Calculating effect size indices with structural equation modeling

Discussion
In this paper we have shown how to calculate effect-size indices of change using structural
equation modeling (SEM). We used SEM for the decomposition of change, where observed
change (e.g., change in the subscales of a health-related quality of life (HRQL) questionnaire)
is decomposed into change due to recalibration, reprioritization and reconceptualization, and
‘true’ change in the underlying construct (e.g., HRQL). Calculation of effect-size indices for
each of the different elements of the decomposition enables the evaluation and interpretation of
the impact of response shift on the assessment of change.
We used distribution-based effect sizes to interpret and evaluate the magnitude of change,
and the impact of response shift on the assessment of change. Specifically, we proposed to use the
standardized response mean as the preferred effect size of change. Results from our illustrative
example indicated that patients experienced small to medium sized changes in their scores on
the subscales of the HRQL questionnaires. Four response shifts were detected, but the impact
of the detected response shift on the assessment of change was small; both at the level of the
observed variables and at the level of the underlying common factors. Similar sizes of effects
were reported in a meta-analysis on response shift (Schwartz et al., 2006), although these results
were based on studies that did not use SEM methodology. Moreover, the authors concluded
that a lack in standards on reporting effect-size indices prevented definitive conclusion on
the clinical significance of response shift. The decomposition of change and the proposed
calculation of effect-size indices may advance the standard reporting and comparison of results,
and thus facilitate the interpretation and impact of the different types of change in PROs. This
may help to translate the findings of response-shift research into something that is tangible to
patients, clinicians and researchers alike.
Some limitations of distribution-based effect sizes should be noted. Distribution-based
indices may be influenced by the reliability of the measurement, as unreliable measurement
will result in larger standard deviations and thus smaller effect sizes. In addition, when the
assumption of normal distributions is not tenable this may alter the interpretation of the effect
size, which hinders the comparison of effect-size indices from different samples or studies.
Finally, restriction of range has also been mentioned as a limitation of distribution-based
indices. However, the fact that the clinical significance of an effect is calculated and interpreted
relative to the variation within a sample could also be considered a strength. For example, it
may be difficult to define the absolute change that indicates clinical significance, as smaller
changes in one group of patients may be more meaningful than larger changes in another group
of patients. The effect size of change is calculated using the variability of change within a patient
group, and will thus provide an interpretation of the relative – instead of absolute – importance
of the effect. Nevertheless, one should take into consideration the context of the study when
interpreting the magnitude of the effects. Keeping the general limitations of distribution-based
indices in mind, it is recommended that the proposed effect size of change is used as a guideline
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for the interpretation of clinical significance, rather than a rule (Guyatt et al., 2002). Conversion
of the effect size of change to the probability of benefit, the probability of net benefit, or the
number needed to treat to benefit may enhance clinical interpretability of effects. Different
effect sizes, or indices of clinical significance in general, can complement each other as they
facilitate different tasks and insights.
SEM provides a valuable tool for the assessment of change, and investigation of response
shift in PROs. The decomposition of change – and subsequent calculation of effect-size indices
– provides insight into the impact of response shifts on the assessment of change. Advancing
the standard reporting of effect-size indices of change will enhance the comparison of effects,
facilitate future meta-analysis, and provides insight into the size of the effects instead of merely
their statistical significance. As such, the use of effect-size indices of change can facilitate
progress in our endeavors of evaluating and interpreting clinical significant changes in PROs.
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Structural equation modeling (SEM) can be used to investigate different types of change in
health-related quality of life (HRQL) outcomes, among which so-called ‘response shift’ (Oort,
2005). Response shift refers to a change in the meaning of one’s self-evaluation, caused by a
change in internal standards of measurement (i.e., recalibration), values regarding the relative
importance of subdomains (i.e., reprioritization), or definition of the target construct (i.e.,
reconceptualization; Sprangers & Schwartz, 1999). Response shift effects may cause changes in
observed scores that are not directly caused by changes in the construct of interest (e.g., HRQL).
Therefore, taking into account possible response shift is important for a valid assessment of
change. The overall aim of this thesis is to facilitate applications of response shift detection, and
thereby contribute to a better understanding of response shift phenomena and thus change in
HRQL. In the next section, we summarize the main findings of this thesis, we discuss practical
issues that play a role in the application of the SEM approach for the detection of response shift,
and provide guidelines for its future applications in the context of HRQL research.
Summary
This thesis focused on several methodological issues with regard to the SEM approach for the
detection of response shift and the assessment of change in HRQL outcomes. We compared the
SEM approach to the ‘then-test’ approach, which is one of the most commonly applied methods
for the detection of response shift (Chapter 2). We extended the SEM approach for detection of
response shift to the situation in which there are many measurement occasions (Chapters 3, 4 and
5), and for the analysis of discrete data (Chapters 6 and 7). Finally, we explained how to calculate
and interpret effect-size indices of change to enable interpretation of the clinical significance
of response shift (Chapter 8). Below, we highlight the main contributions of this thesis by
summarizing the features of the SEM approach that were developed, investigated, and illustrated.
Comparison with the then-test approach. In Chapter 2 we compared the SEM approach
for the detection of response shift to the so-called ‘then test’ approach. The then-test approach
includes a retrospective pre-test at time of post-test assessment, where patients are being asked
to re-evaluate their HRQL at time of pre-test. The aim of this chapter was to compare both
methods in terms of their approach to response shift detection and assessment of change. In
addition, inclusion of the then-test into the SEM approach was used to evaluate the underlying
assumptions of the then-test. The then-test approach is designed to detect only recalibration
response shift (i.e., assuming that all response shift is of the recalibration type; recalibration
assumption), it measures ‘true’ change by comparing post-test and then-test assessments (i.e.,
assuming that they are completed with the same frame of reference; consistency assumption),
and assumes that patients are able to correctly recall their state at pre-test (i.e., recall assumption).
Compared to the then-test approach, advantages of the SEM approach include the possibility
to detect response shift without the need of additional measurements, and the possibility to
differentiate between different types of response shift. Both approaches were applied to HRQL170
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data from 170 cancer patients undergoing invasive surgery, where HRQL was assessed prior to
surgery (pre-test) and three months following surgery (post-test and then-test) using the SF-36
Health Survey and the Multidimensional Fatigue Inventory. The SEM approach identified the
occurrence of not only recalibration, but also reprioritization and reconceptualization response
shift (i.e., violating the recalibration assumption). In addition, we found that the frames of
reference were not invariant across post- and then-test assessments (i.e., violating the consistency
assumption). However, we did not identify recall bias (i.e., supporting the recall assumption).
Furthermore, we found that both approaches revealed a similar pattern of change, but that
the SEM approach detected more response shift effects which resulted in some differences in
the size and direction of change. In this chapter we showed that SEM can be used to make a
substantive comparison between different methodologies for the detection of response shift. In
addition, testing the underlying assumptions of the then-test approach through SEM is useful
for determining the validity of the then-test approach.
Investigation of response shift in extensive longitudinal designs. Response shift is
usually investigated in the situation where there are only two measurements, i.e., a pre- and
post-test. However, longitudinal clinical trials often include many more measurement occasions
(e.g., extensive follow-up measures to evaluate long-term effects). To facilitate the analysis of
data from such longitudinal designs, we extended the SEM approach for the investigation
of change in multivariate longitudinal data by adaptation of the ‘Longitudinal Three-Mode
Model’ (L3MM). In Chapter 3 we explained how to impose L3MM restrictions on the
parameter matrices of the SEM model. The L3MM restrictions substantially reduce the number
of parameter estimates (i.e., leading to more parsimonious models), and yield separate estimates
for the relationships between variables and the change in the relationships between the variables
over time. The assessment of change with L3MMs was illustrated using HRQL-data that was
obtained from 682 patients with painful bone metastasis at 13 measurement occasions; before
and every week after treatment with radiotherapy. This was a subset of data from the Dutch
Bone Metastasis Study (DBM), where HRQL was assessed with the EQ-5D, the Rotterdam
Symptom Checklist, and the EORTC QLQ-C30. Results indicated that correlations between
variables from the first and second measurement occasion were smaller than the correlations
between variables of the second and third measurement occasion, and so on. This pattern of
change suggests that patients became more homogenous in their answers to the questionnaires.
In addition, we illustrated how to test substantive hypotheses about change in the correlational
patterns between variables, and change in the means of the underlying factors (e.g., HRQL).
Thus, in this chapter we showed that L3MMs do not only facilitate the analysis of complex
longitudinal data but also the substantive interpretation of the dynamics of change.
In Chapter 4 we explained how to proceed with the investigation of measurement invariance
in L3MMs. Specifically, additional parameter matrices were introduced to accommodate possible
violations of measurement invariance and to enable the investigation of bias in individual factor
171

9

Chapter 9

loadings and intercepts. We applied the investigation of measurement invariance with L3MMs
to the same HRQL-data that we used in Chapter 3, and showed that further investigation
of cases of bias (i.e., response shift) is possible through modeling the measurement bias using
linear and non-linear curves. We identified three cases of measurement bias and illustrated the
interpretation of a linear, piece-wise linear, quadratic, and inverse trend. The proposed methods
can thus be used to investigate trends in detected response shift effects, which will lead to more
insight into the development of these effects. We concluded that L3MMs can advance the
interpretation of findings from extensive longitudinal designs.
In Chapter 5, a multigroup SEM approach was used to investigate response shift effects in
groups of patients with different patterns of missing data due to attrition. We used HRQL data
from 1029 patients of the same DBMS database that was used in the previous two chapters, and
distinguished three groups based on their pattern of attrition: short survival (3-5 measurements;
n = 144), medium survival (6-12 measurements; n = 203), and long survival (>12 measurements;
n = 682). Imposition of L3MM restrictions facilitated the analyses of HRQL-data from groups
of patients who completed 3, 6 and 13 measurements respectively. In addition, the multigroup
approach enabled the investigation of differences in the patterns of change between groups of
patients. Results showed that patterns of change in HRQL differed among patients with short,
medium or long survival. Moreover, the different groups of patients were not equally affected
by the detected response shifts. Thus, in this chapter we showed that SEM can be used to detect
response shift and asses change across a substantial number of measurements, but can also be
used to investigate differences in response shift and change across groups of patients.
Investigation of response shift in discrete data. SEM is especially suited for the
analysis of continuous data. However, HRQL-data are often not continuous but discrete. As
a consequence, SEM is often applied to continuous item responses or to the aggregated sum
of ordinal item responses (i.e., at the subscale level). To facilitate the application of SEM for
response shift detection to other types of data, we extended the SEM approach to include a
modeling stage in which the observed discrete ordinal variables are modelled to be reflective of
underlying continuous variables (Stage 1). Stage 1 yields estimates of means and variances and
covariances that can be used for the detection of response shift and assessment of true change in
Stage 2. In Chapter 6 we explained the proposed SEM approach for the detection of response
shift in discrete data, and illustrated the detection of response shift in the items of the SF-36.
We used data from 485 cancer patients whose HRQL was measured before and after start of
chemo- or radio-therapy. Response shift was detected in items from five out of eight subscales of
the SF-36 questionnaire. Overall, patients’ mental health improved, while their physical health,
vitality, and social functioning deteriorated. No change was found for the other subscales of the
SF-36. Thus, in this chapter we showed how the SEM approach for discrete data enables the
investigation of response shift and assessment of change at the item-level. We concluded that
the proposed approach may improve our understanding of the response shift phenomena and
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therefore enhance interpretation of change in the area of HRQL.
In Chapter 7 the SEM approach for discrete data was applied in a multigroup context to
detect gender- and age-related bias in the Hospital Anxiety and Depression Scale. Data was
obtained from 1068 patients who consulted a primary care professional. We showed two ways
of using SEM to detect item bias: multigroup SEM, and multidimensional SEM. In addition,
results were compared to the results of the ordinal logistic regression, item response theory,
and contingency tables methods reported by Cameron, Scott, Adler and Reid (2014). Results
from the SEM approaches generally agreed with the results of Cameron et al., although the
SEM approaches identified more items as biased. In this chapter we showed that SEM provides
a flexible tool for the investigation of item bias in health-related questionnaires. Advantages
of the SEM approach are that it enables the detection of both uniform and nonuniform bias,
and that possible item bias can be taken into account to assess true differences between groups.
Moreover, multidimensional SEM has practical and statistical advantages over multigroup
SEM, and over other item bias detection methods, as it enables item bias detection with respect
to multiple variables, and of various measurement levels.
The clinical significance of response shift. Detection of response shift is usually guided by
tests of statistical significance. However, statistical significance does not indicate that the detected
effects are also clinically significant. Therefore, in Chapter 8 we explained how to calculate and
interpret effect-size indices of change. Specifically, we used SEM for the decomposition of
change, where observed change is decomposed into: 1) change due to recalibration response
shift, 2) change due to reprioritization and/or reconceptualization response shift, and 3)
change due to change in the construct of interest (e.g., HRQL; ‘true’ change). Subsequently,
calculating effect-size indices of change (i.e., standardized response mean) enabled evaluation
and interpretation of the size of response shift effects, and the impact of response shift on the
assessment of change. To further enhance the clinical interpretability of effects we showed how
the proposed effect size of change relates to other well-known types of effect-size indices, i.e.,
the probability benefit, the probability net benefit, and the number needed to treat to benefit.
Pre- and post-test HRQL-data from Chapter 2 were used as an illustrative example for the
calculation and interpretation of the proposed effect-size indices of change. The detected
response shift had small effects on change in the observed indicators, and on overall change in
HRQL. To conclude, in this chapter we showed how effect-size indices can be used to give an
indication of the clinical significance of response shift, and their impact on the assessment of
change in HRQL outcomes.
Practical Issues in Application of the SEM Approach
In order to facilitate future applications of the SEM approach for the assessment of change
and detection of response shift in HRQL outcomes, we discuss some practical issues that are
important for application of the method and interpretation of results.
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Establishing an appropriate measurement model. An appropriate measurement model is a
prerequisite for the investigation of change and possible response shift effects. The measurement
model includes the specification of relations between the observed variables and underlying
latent factor(s), and thus defines the measurement structure of the data. With longitudinal
data, the measurement model includes the specification of the measurement structure at each
measurement occasion; sometimes referred to as the longitudinal measurement model. To arrive
at the longitudinal measurement model one can establish an appropriate measurement model
for each measurement occasion separately, and combine all separate measurement models into
a single longitudinal measurement model. Or, alternatively, one can combine all measurement
occasions into a single longitudinal measurement model, and establish an appropriate
measurement model for all measurement occasions simultaneously. The only requirements of
the specified (longitudinal) measurement model is that the measurement structure is largely the
same across time, and that it has interpretable common factors. Ideally, the specification of the
measurement model is based on theory about the measurement structure of the construct of
interest. For example, HRQL is often described as a multidimensional construct that encompasses
social, mental and physical aspects of health. When a HRQL questionnaire is developed based
on this theoretical framework (i.e., the items reflect the three different domains of HRQL) then
the measurement model could be specified as a three-factor model, where all items that share
a domain load on the associated common factor. Specification of the measurement model can
become more complicated in situations where the dimensional structure of a questionnaire is
unclear, or where (items of ) different questionnaires are combined. Moreover, it is often necessary
to modify the initially specified measurement model to obtain a well-fitting model. A well-fitting
measurement model is necessary, as the measurement model is the baseline model against which
all further models (i.e., that include equality restrictions on model parameters) will be compared.
Establishing an appropriate measurement model often includes an exercise of exploratory
nature. An appropriate starting point for the specification of a measurement model can be based
on the structure of the questionnaire, results from previous research, substantive considerations
about the content of the observed measures, exploratory factor analyses, or – more likely – a
combination of these approaches. The measurement model represents the most parsimonious,
substantively the most reasonable, and best fitting model to the data (Byrne, Shavelson,
& Muthén, 1989). Statistical criteria can be used to evaluate whether the model fit of the
measurement model is appropriate (e.g., overall model fit) and to guide model respecification
when the initial model fit is not adequate (e.g., using differences in model fit). However, making
a decision on which and how many model respecification are necessary requires substantive
considerations (i.e., does a model make sense?). For example, statistical indices may indicate
that the largest improvement in fit can be achieved by freeing a factor loading of a physical
functioning item on a common factor that measures mental health; such a model respecification
may not make sense substantively. On the other hand, freeing a residual covariance between
indicators that share the same item format may be sensible even though it will not lead to large
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improvements in model fit. In order to find a substantively reasonable measurement model, it
is at least equally – and possibly even more – important to rely on substantive knowledge and
practical interpretation, as on statistical criteria. Thus, it is not only statistical criteria, but rather
the combination of statistical and substantive criteria that should be used to substantiate – and
judge – the appropriateness of the measurement model.
Identification of possible response shift effects. The overall occurrence of response shift
is evaluated by comparing the model that includes equality restrictions on all model parameters
associated with response shift to the measurement model; representing an ‘omnibus test’ for the
presence of response shift. This procedure has also been advocated by others (Millsap, 2010),
and has been shown to protect against false positives (Vanier, Sébille, Blanchin, Guilleux, &
Hardouin, 2015). However, if there is evidence of the presence of response shift, how does one
then accurately locate which observed variable is affected by which type of response shift?
The search for biased model parameters requires exploratory model-fitting or respecification,
which is referred to as the ‘specification search’. The specification search can be guided using
statistical criteria, such as modification indices, expected parameter changes, Wald tests, or
differences in model fit ( Jöreskog & Sorbom, 1996). In order to correctly identify the biased
model parameters, it has been recommended to use an iterative procedure (Cheung & Rensvold,
1999), where all model parameters associated with response shift are freed one at a time, and
the freely estimated parameter that shows the largest improvement in model fit is incorporated
in the model. However, it may be that two different model modifications lead to equivalent
improvement in model fit. A decision on which model modification to prioritize can thus not
be based on statistical criteria alone. Given the dependence of sequential model respecification,
freeing one model parameter may render freeing the other model parameter unnecessary, i.e., a
change to the model can affect other parts of the model too. It may therefore be possible that
alternative series of model respecifications lead to different results.
The specification search for possible response shift effects also requires a decision on when
to stop searching. The aim of the specification search is to identify all possible response shift
effects. Meanwhile, however, one wants to prevent the identification of trivial differences in
model parameters across time as being of substantive interest. In addition to the improvement in
model fit for freeing individual parameters, one can rely on the difference in model fit between
the measurement model and the model that includes all identified response shift effects. When
the overall difference in fit between these models is not significant, this may be taken as an
indication that freeing additional model parameters is no longer necessary. Also, one can use
the overall model fit of the model to judge whether the model that includes response shift is
tenable. These model fit evaluations may provide more robust stopping criteria. However, it has
also been argued that in order to adequately identify all biased parameters it may be necessary
to continue the specification search, even when the established model already shows adequate
model fit (McCallum, 1986). Therefore, model fit criteria should be used in combination with
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substantive criteria with regard to the (possible) biased model parameters. For example, it may be
that freeing an additional model parameter will lead to a small, significant improvement in model
fit, but that the associated response shift does not have a clear interpretation. As a researcher, one
has to find a balance between the goodness of fit and the interpretability of the model.
The data-driven exploratory nature of the specification search thus implies that the
resulting models must be evaluated with caution (MacCallum, 1986). As long as one is aware
of its exploratory character, the process can be meaningful (Byrne et al., 1989) and will help to
correctly identify response shift effects.
Evaluation of overall model fit and difference in model fit. The fit statistic to evaluate
overall-goodness of fit is the chi-square test of ‘exact’ fit, where a significant chi-square value
indicates a significant deviation between the model and data. In addition, the chi-square values
of two nested models (i.e., where the second model can be derived from the first model by
imposing restrictions on model parameters) can be compared to test the difference in ‘exact’
fit. A significant difference in chi-square values indicates that the less restricted model fits the
observed data significantly better than the more restricted model, or in other words, the more
restricted model leads to a significant deterioration in model fit. The chi-square (difference) test
thus has clear interpretation and provides a convenient decision rule for the evaluation of overall
model fit (e.g., the appropriateness of the measurement model) and the difference in model fit
between two nested models (e.g., the overall presence of response shift or the identification of
specific response shift effects). However, the chi-square test of exact fit is highly dependent on
sample size, i.e., with increasing sample size and equal degrees of freedom the chi-square value
increases. In addition, it tends to favor highly parameterized models as the chi-square value
decreases sharply when parameters are added to the model. Therefore, the practical usefulness of
the chi-square (difference) test as a single decision rule to evaluate (differences in) model fit has
been questioned (e.g., Wu, Li, & Zumbo, 2007).
As an alternative to the chi-square test of ‘exact’ fit, a variety of other fit indices have been
developed that provide descriptive evaluations of model fit. Examples include the root mean
square error of approximation (RMSEA; Steiger & Lind, 1980; Steiger, 1990), the comparative
fit index (CFI; Bentler, 1990), and the expected cross-validation index (ECVI; Browne &
Cudeck, 1989). These indices of so-called approximate fit are less dependent on sample size and
reward model parsimony. However, as the sampling distributions of many of these approximate
fit indices are unknown, they cannot be used for formal hypothesis testing (Wu, et al., 2007).
Instead, numerous cut-off criteria have been proposed that serve as ‘rules of thumb’ for the
evaluation of goodness of fit (e.g., Schermelleh-Engel, Moosbrugger, & Müller, 2003; Hu &
Bentler, 1999; Marsh, Hau, & Wen, 2004). For example, RMSEA values below .05 are generally
taken to indicate ‘close’ approximate fit, and values between .05 and .08 indicate ‘reasonable’
approximate fit (Browne & Cudeck, 1992). Similarly, cut-off criteria have been proposed for
the evaluation of differences in model fit using the difference in approximate fit indices (Cheung
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& Rensvold, 2002). However, it has been argued that these approximate fit indices can only
provide a preliminary interpretation of (differences in) model fit, but that these ‘rules of thumb’
should not be used as decision rules (Marsch, et al. 2004). Two approximate fit indices can be
regarded as an exception in this regard. The RMSEA and ECVI have known distributions and
associated confidence intervals, that can be used to give an indication of the precision of the fit
estimates. The RMSEA is especially informative for the evaluation of overall model fit, and can
be used to provide a ‘test of close fit’ (Browne & Cudeck, 1992). The difference in ECVI values
of two nested models may be used to test the equivalence in approximate model fit. However,
stringent evaluation of the performance of the ECVI for the comparison of nested models has
not yet been performed. Thus, application of the ECVI in evaluation of differences in model fit
should be proceeded with caution.
Approximate fit indices can be used to provide (descriptive) evaluations of model fit. However,
they are not a panacea for finding ‘golden rules’ against which to evaluate model fit or differences
in model fit (Wu et al., 2007). Moreover, with different tests and indices available to evaluate
model fit, providing decision rules on whether the fit of a model is ‘good’ is further complicated
by the fact that one might find inconsistent results (e.g., a significant exact chi-square test, but
close approximate fit according to the RMSEA). The evaluation of differences in model fit is
complicated for the same reasons. For example, Wu et al. (2007) found that the evaluation of
differences in model fit using differences in CFI values and chi-square values almost always lead
to contradictory conclusions. The researcher thus has to make a decision about the fit index that
is most appropriate for the data and hypotheses under study. For example, the chi-square test of
exact fit may detect small, but trivial, differences between model and data when the sample size
is large or when the model is parsimonious. On the other hand, in the specification search to
identify response shift effects, it might be desirable to have a high power to detect differences in
parameter estimates. In addition, approximate fit indices can provide an appropriate alternative
to the test of exact fit in certain situations (e.g., when one wants to accept some misfit in favor
of model parsimony), but the interpretation of approximate fit indices according to their ‘rules
of thumb’ is not generalizable to all situations. For example, it has been shown that many of the
approximate fit indices are still sensitive to model parsimony (Cheung & Rensvold, 2002; Marsh
et. al., 2004). Therefore, one may want to apply more stringent cut-off criteria for parsimonious
models, and relatively less stringent cut-off criteria for complex models (Wu, et al. 2007).
Not only sample size and model complexity may affect the appropriateness of the chosen
model fit index, but the type of data that is being analyzed may also play a role. For example,
for the analysis of discrete data one has to choose between alternative estimation methods (e.g.,
Muthén, 1983; Browne, 1984; Satorra & Bentler, 1988), which produce different versions
of the chi-square test statistic. In addition, these different chi-square statistics may require
adjustment for an appropriate evaluation of overall model fit or differences in model fit (e.g.,
Satorra & Bentler, 2001; Asparouhov & Muthén, 2006). As many of the approximate fit indices
are derived from the chi-square value, the choice of the chi-square test statistic (adjustment) may
thus also influence the calculation and subsequent interpretation of the descriptive fit indices.
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In general, decisions on model fit and differences in model fit require a careful consideration
of the data, the model, the sample size, and the hypothesis that is being tested. Therefore,
substantive decisions play an important role in the evaluation of (differences in) model fit, and
might even require the use of different fit indices or different decision rules that are compatible
with the purpose of the analysis.
Interpretation and explanation of detected response shift. With SEM, the concepts
of measurement invariance and measurement bias are used to operationalize response shift
effects. That is, when a measurement parameter shows measurement bias across time, this is
taken as evidence of response shift. By using the non-invariance of measurement parameters to
identify response shift effects, we do not look at response shifts directly, but at the effects these
response shifts have on the measurement of HRQL. This allows us to describe what occurs (i.e.,
patterns of change), but it does not imply that we also know how it occurs (i.e., the cause of the
identified bias). For the substantive interpretation of change it is therefore important to provide
an interpretation and possible explanation of detected response shift. For example, imagine that
recalibration was detected in the indicator ‘pain’ of perceived physical health, where patients
showed a larger decrease in pain as compared to the other indicators of physical health. A
possible explanation for this result may be that patients adapted to the experience of pain and
therefore rated their pain to be lower at post-test, even though their actual experience of pain
did not change (or changed to a lesser degree). It may also be that patients received treatment
or medication that reduced their experienced level of pain. When the decrease in experienced
pain was larger than the decrease on the other indicators of physical health, this effect may
also be identified as recalibration response shift. However, one could argue that only the first
interpretation coincides with what Sprangers & Schwartz (1999) describe as recalibration
response shift. It is true that the SEM approach for the detection of response shift allows for a
broad definition of response shift, as it includes all potential explanations for the changes that
occur between measurements. Therefore, substantive interpretation of detected response shift is
of paramount importance; it is needed to exclude, or make less likely, alternative explanations.
The interpretation of detected response shift can be based on substantive knowledge
of the patient group, the treatment or disease trajectory. In addition, it is possible to include
operationalizations of potential predictors of response shift in the SEM model. If measures of
antecedents (e.g., sociodemographic or personality characteristics) or mechanisms (e.g., coping
strategies, social comparison) are available, they can be incorporated in the model as possible
explanatory variables for the detected response shift effects. Alternatively, qualitative research
can be used to identify the cognitive processes that play a role in patients’ self-evaluations, which
in turn may provide valuable information on the occurrence and explanations for response shift
(e.g., Taminiau-Bloem et al., 2016). Substantive interpretation and explanation of response shift
is necessary to connect the detected response shift with experiences of response shift by patients.
As such, it may help to substantiate the meaningfulness of response shift, and change in HRQL.
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Recommendations. For researchers and practitioners who will apply the SEM approach for
the assessment of change and detection of response shifts, we would like to make the following
recommendations: (1) take into account substantive considerations when making decisions
on model fit evaluation (e.g., using theory to establish an appropriate measurement model,
or substantive knowledge and practical interpretation of response shift effects, in addition to
relying on model fit tests or indices to guide the (re)specification of the model). (2) Use several
tests and indices of (differences in) model fit to prevent overly simplified decision rules based on
single criteria. Instead, find support for the robustness of results warranted by multiple criteria.
(3) Keep in mind that some fit indices are more appropriate in certain circumstances than others
(e.g., specifically developed to take into account model parsimony). (4) Try to interpret and
possibly explain detected response shift effects to substantiate the linkage between detected
response shift and experience of response shift by patients (e.g., using substantive knowledge and
practical interpretation, or direct measures of possible explanatory variables). It is our aim that
these recommendations will help to stimulate the appropriate application and interpretation of
SEM methodology for the investigation of response shift and assessment of change.
Directions for Future Research
The assessment of patient-reported outcomes, including HRQL, are becoming standard part of
clinical practice (Osoba, 2011). In order to understand patterns of change in patients’ HRQL,
the investigation of response shift will thus become more important. It is anticipated that
researchers will be increasingly involved in the analyses of complex data structures, such as data
from extensive longitudinal assessments (e.g., long-term follow-up assessments or momentary
assessments using mobile phone devices), from planned missing data designs (e.g., measures
in groups of patients with different time-lags between measurements), or from combinations
of separate clinical trials (e.g., including different groups of patients from different treatment
centers or with different treatment regimens). These developments can benefit from advanced
SEM methodology (e.g., exploratory models, multi-level models). At the same time, accessibility
of (advanced) SEM methodology is facilitated thanks to the availability of (free) software
programs (e.g., Lavaan; Rosseel, 2012), textbooks and tutorials that are specifically aimed at
practical applications (e.g., Kline, 2015; Schumacker & Lomax, 2016; Rosseel, 2016), including
those in the field of HRQL (e.g., Fayers & Machin, 2016).
Therefore, there is great potential for future studies to focus on the development and
explanation of response shift detection methods; especially for increasingly complex data
structures. Appropriate applications of response shift detection methods could be further
enhanced by focusing on the comparison of different methods for response shift detection (e.g.,
providing guidelines on which method to use under what circumstances), the cross-validation
of results (e.g., increasing generalizability of findings), and the facilitation of sharing data and
syntaxes (e.g., improving transparency and the possibility of replication of results by other
researchers). Such research endeavors may enhance the scientific stringency of applications
179

9

Chapter 9

and interpretation of SEM methodology for the detection of response shift effects, and help to
advance research into HRQL.
To improve our understanding of change in HRQL outcomes, future research could focus
on the interpretation and explanation of response shift effects. The combination of qualitative
and quantitative research may be used to provide the necessary substantive linkages between
detected response shift effects and response shift as experienced by patients. In addition, direct
measurements of catalysts, antecedents, or mechanisms could be used to investigate possible
predictors of different types of change. Moreover, the interpretation of the clinical significance
of change, including response shift effects, may be an important area for future research; for
example by improving the standard reporting of effect-size indices of change. The interpretation
and explanation of response shift will help to translate the findings of response shift research
to clinicians and patients, and will ultimately help to adopt more effective treatments and thus
enhance patients’ HRQL.
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Samenvatting
Gezondheid gerelateerde kwaliteit van leven (health-related quality of life; HRQL) wordt in
toenemende mate erkend als een belangrijk eindpunt in de geneeskunde en gezondheidszorg.
Metingen van HRQL worden gebruikt om een meer volledig beeld van het welzijn van
patiënten te verkrijgen, als aanvulling op klinische informatie zoals de duur van overleving of
ziekte progressie. Evaluatie van HRQL in de klinische praktijk geeft inzicht in de gevolgen
van de ziekte en behandeling voor het leven van patiënten, en levert daarmee een belangrijke
bijdrage aan de interpretaties en conclusies van klinische studies.
De evaluatie van verandering in HRQL wordt belemmerd doordat patiënten hun
referentiekaders kunnen veranderen bij het beantwoorden van vragen naar kwaliteit van leven.
Dat wil zeggen, een patiënt met dezelfde kwaliteit van leven kan toch anders scoren op de
kwaliteit van leven vragenlijst, doordat er sprake is van response shift. Response shift verwijst
naar een verandering in de betekenis van de zelfrapportage, veroorzaakt door een verandering
van de interne standaarden bij het invullen van de vragenlijst (rekalibratie), een verandering in
het relatieve belang van verschillende subdomeinen (reprioritering), of een verandering in de
definitie van het te meten construct (reconceptualisering). De interpretatie van verandering in
kwaliteit van leven uitkomsten wordt dus bemoeilijkt door het feit dat er verschillende soorten
verandering kunnen optreden.
Structural equation modeling (SEM) is een statistische techniek waarmee verschillende
soorten verandering – waaronder response shift – in HRQL uitkomsten kunnen worden
onderzocht. Met SEM kunnen de verschillende soorten response shift geoperationaliseerd
worden door middel van verandering in specifieke model-parameters. Hierbij wordt gebruik
gemaakt van het bestaande model voor onderzoek naar meetinvariantie, waarbij schendingen
van meetinvariantie – ofwel measurement biases – een indicatie geven voor de aanwezigheid
van response shift. De SEM methode voor response shift detectie heeft als voordelen dat het de
drie verschillende soorten response shift kan detecteren en een meer nauwkeurige meting van de
‘werkelijke’ verandering in het onderliggende construct (bv. HRQL) kan geven door rekening
te houden met het optreden van eventuele response shift effecten.
Dit proefschrift richt zich specifiek op een aantal methodologische aspecten van de SEM
methode voor de detectie van response shift en heeft daarmee als doel onderzoekers te helpen
met het onderzoek naar, en de interpretatie van, verandering in HRQL uitkomsten.
Vergelijking met de toenmeting methode
In Hoofdstuk 2 wordt de SEM methode voor response shift detectie vergeleken met de
zogenaamde toenmeting methode. De toenmeting is een retrospectieve voormeting die op het
moment van de nameting wordt afgenomen, waarbij patiënten wordt gevraagd om hun HRQL
ten tijde van de voormeting opnieuw te beoordelen. De toenmeting methode is ontwikkeld
om rekalibratie response shift te detecteren (onder de aanname dat alle response shift van het
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type rekalibratie is; de rekalibratie assumptie), operationaliseert de ‘werkelijke’ verandering
door nameting en toenmeting met elkaar te vergelijken (onder de aanname dat deze metingen
worden ingevuld met hetzelfde referentiekader; de consistentie assumptie), en veronderstelt dat
patiënten in staat zijn om hun HRQL ten tijde van de voormeting correct te herinneren (de
herinnering assumptie). Daarnaast werd de toenmeting geïntegreerd in de SEM methode zodat
de onderliggende assumpties van de toenmeting konden worden getoetst. In vergelijking met de
toenmeting methode heeft de SEM methode als voordelen dat het de mogelijkheid biedt om
response shift te detecteren zonder aanvullende metingen, en dat het gebruikt kan worden om
verschillende soorten response shift te detecteren. Beide methoden werden toegepast op HRQLgegevens van 170 kankerpatiënten die behandeld waren met invasieve chirurgie, waarbij de
kwaliteit van leven voor de operatie (voormeting) en drie maanden na de operatie (nameting en
toenmeting) met behulp van de SF-36 Health Survey en de Multidimensional Fatigue Inventory
werd gemeten. De SEM methode detecteerde niet alleen rekalibratie, maar ook reprioritering en
reconceptualisering (d.w.z. schending van de rekalibratie assumptie). Daarnaast werd gevonden
dat de referentiekaders van patiënten niet gelijk waren voor de nameting en toenmeting (d.w.z.
schending van de consistentie assumptie). Daarentegen werd er geen bewijs gevonden voor
incorrecte herinnering van de HRQL ten tijde van de voormeting (d.w.z. ondersteuning van
de herinnering assumptie). Bovendien lieten de resultaten van beide methoden grotendeels een
vergelijkbaar patroon van verandering zien. Met behulp van de SEM methode werden er meer
response shift effecten gedetecteerd waardoor er enkele verschillen in de grootte en richting
van de verandering optraden. Dit hoofdstuk laat zien dat SEM kan worden gebruikt voor een
inhoudelijke vergelijking tussen verschillende methoden voor de detectie van response shift.
Daarnaast is de mogelijkheid om met behulp van SEM de onderliggende assumpties van de
toenmeting te testen nuttig voor het bepalen van de validiteit van de toenmeting methode.
Response shift onderzoek in longitudinale studies met een groot aantal metingen
Response shift detectie wordt met name toepast in het geval dat er twee metingen zijn, zoals een
voor- en nameting. Echter, longitudinale klinische studies omvatten vaak meer meetmomenten,
zoals uitgebreide follow-up metingen om lange termijn effecten te onderzoeken. Om dataanalyse van dergelijke longitudinale studies te vergemakkelijken, wordt in Hoofdstuk 3
beschreven hoe SEM kan worden gebruikt voor onderzoek naar verandering in multivariate
longitudinale gegevens met behulp van het longitudinal three-mode model (L3MM). Toepassing
van het L3MM zorgt voor een aanzienlijke vermindering van het aantal parameterschattingen
(d.w.z. zuinigere modellen) en geeft afzonderlijke parameterschattingen voor de relaties tussen
variabelen en de verandering in deze relaties in de loop van de tijd (d.w.z. verbeterde interpretatie
van verandering). Deze methode werd geïllustreerd met behulp van HRQL-gegevens van 682
patiënten met pijnlijke botmetastasen; gemeten op 13 meetmomenten: voor, en elke week na
behandeling met radiotherapie. Deze data zijn een onderdeel van de Dutch Bone Metastases
Study (DBMS), waarbij HRQL werd gemeten met behulp van de EQ-5D, Rotterdam
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Symptom Checklist, en de EORTC QLQ-C30. Uit de resultaten bleek dat de correlaties
tussen variabelen van het eerste en tweede meetmoment kleiner waren dan de correlaties tussen
variabelen van het tweede en derde meetmoment, en zo verder. Dit patroon van verandering
wijst erop dat patiënten zich over de tijd heen meer homogeen gedragen in hun antwoorden op
de vragenlijsten. Daarnaast werd geïllustreerd hoe inhoudelijke hypothesen over de verandering
in de relaties tussen variabelen en verandering in gemiddelden van de onderliggende factoren
(HRQL) kunnen worden getoetst. Dit hoofdstuk laat zien dat het L3MM niet alleen de analyse
van complexe longitudinale gegevens vergemakkelijkt, maar ook meer inzicht kan geven in de
loop van de verandering.
In Hoofdstuk 4 wordt uitgelegd hoe meetinvariantie onderzocht kan worden in het
L3MM. Er worden extra parameter matrices geïntroduceerd om mogelijke schendingen van
meetinvariantie te modelleren en daarmee de detectie van measurement bias in individuele
model-parameters mogelijk te maken. Deze methode voor meetinvariantie onderzoek in het
L3MM werd toegepast op dezelfde HRQL-gegevens die in Hoofdstuk 3 werden gebruikt,
waarbij de gedetecteerde measurement bias (d.w.z. response shift) werd gemodelleerd met
behulp van lineaire en niet-lineaire curves. De interpretatie van o.a. een lineaire, kwadratische,
en inverse trend werd geïllustreerd aan de hand van drie gedetecteerde response shifts. De
beschreven methode kan dus worden gebruikt om trends in gedetecteerde response shift
effecten te laten zien, wat inzicht geeft in de ontwikkeling van deze effecten. Dit hoofdstuk laat
zien dat het L3MM een belangrijke bijdrage kan leveren aan de interpretatie van resultaten van
omvangrijke longitudinale studies.
In Hoofdstuk 5 wordt een multigroep SEM methode gebruikt voor response shift detectie
in groepen patiënten met verschillende patronen van ontbrekende gegevens. Hiertoe werden
HRQL-gegevens van 1029 patiënten geanalyseerd uit dezelfde DBMS database die werd gebruikt
in de voorgaande twee hoofdstukken, waarbij drie groepen patiënten op basis van hun patroon
van uitval werden onderscheidden: korte overleving (3-5 metingen; n = 144), gemiddelde
overleving (6-12 metingen; n = 203), en een lange overleving (> 12 metingen; n = 682). Het
gebruik van het L3MM vereenvoudigt de analyse van HRQL-gegevens van respectievelijk 3, 6
en 13 metingen van deze verschillende patiëntengroepen. De multigroep benadering maakt het
mogelijk om verschillen in patronen van verandering tussen groepen patiënten te onderzoeken.
De resultaten toonden aan dat het patroon van verandering in HRQL verschillend was voor
patiënten met korte, gemiddelde en lange overleving. Bovendien werd de verandering in
de verschillende groepen patiënten niet in gelijke mate beïnvloedt door response shift. Dit
hoofdstuk laat zien dat SEM niet alleen kan worden gebruikt om response shift en verandering
in een omvangrijk aantal metingen te onderzoeken, maar ook om verschillen in het optreden van
response shift en het patroon van verandering tussen groepen patiënten te onderzoeken.
Response shift onderzoek in discrete data
SEM is met name geschikt voor de analyse van continue gegevens. Echter, HRQL-gegevens
zijn vaak niet continu, maar discreet. Daardoor wordt SEM meestal toegepast op continue
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item scores of op de som van discreet-ordinale item scores (d.w.z. op sub-schaal niveau). Om
de toepassing van SEM voor response shift detectie op andere soorten gegevens mogelijk te
maken, wordt in Hoofdstuk 6 beschreven hoe de SEM methode kan worden uitgebreid met
een onderdeel waarin geobserveerde discrete variabelen worden gemodelleerd met behulp
van onderliggende continue variabelen (Onderdeel 1). Dit onderdeel geeft schattingen van
gemiddelden, varianties en covarianties die voor de detectie van response shift en de meting van
verandering kunnen worden gebruikt in het volgende onderdeel (Onderdeel 2). De detectie van
response shift in discrete data werd geïllustreerd met behulp van de (ordinale) item scores van
de SF-36. Deze vragenlijst was afgenomen bij 485 kankerpatiënten, voor en na de start van de
chemo- of radiotherapie behandeling. Response shift werd gedetecteerd in de items van vijf van
de acht subschalen van de SF-36. Patiënten lieten een verbetering zien op mentale gezondheid,
terwijl hun fysieke gezondheid, vitaliteit en sociaal functioneren verslechterden. Er werd geen
verandering gevonden voor de andere subschalen van de SF-36. Dit hoofdstuk laat zien hoe
de SEM methode voor discrete data het mogelijk maakt om response shift en verandering te
onderzoeken op item-niveau, en daarmee het inzicht in response shift en de interpretatie van
verandering in kwaliteit van leven gegevens kan verbeteren.
In Hoofdstuk 7 wordt de SEM methode voor discrete data in een multigroep context
toegepast om geslacht- en leeftijd-gerelateerde measurement bias te detecteren in een angst
en depressie vragenlijst (Hospital Anxiety and Depression Scale). Deze gegevens werden
verkregen van 1068 patiënten die een huisarts raadpleegden. Er worden twee SEM methoden
voor de detectie van measurement bias geïllustreerd: de multigroep SEM methode en de
multidimensionele SEM methode. Bovendien worden de resultaten vergeleken met de
resultaten van de ordinale logistische regressie, itemresponstheorie en kruistabellen methoden
zoals gerapporteerd door Cameron, Scott, Adler, en Reid (2014)1. De resultaten van de SEM
methoden kwamen grotendeels overeen met de resultaten van Cameron et al., maar de SEM
methoden detecteerden over het algemeen meer measurement bias. Voordelen van de SEM
methode zijn de mogelijkheid om zowel uniforme en niet-uniforme measurement bias te
detecteren, en de mogelijkheid om rekening te houden met eventuele measurement bias voor
een meer valide vergelijking van ‘werkelijke’ verschillen tussen groepen. Bovendien heeft de
multidimensionele SEM methode praktische en statistische voordelen, omdat deze methode
gebruikt kan worden om measurement bias ten gevolge van meerdere variabelen tegelijk, en
met verschillende meetniveaus te detecteren. Dit hoofdstuk laat zien dat SEM een flexibel
instrument is voor het onderzoek naar measurement bias in gezondheidsvragenlijsten.
De klinische relevantie van response shift
De procedure voor response shift detectie wordt geleid door statistische significantie toetsen.
Echter, statistische significantie geeft geen informatie over de klinische relevantie van de
1

Cameron, I. M., Scott, N. W., Adler, M., & Reid, I. C. (2014). A comparison of three methods of assessing differential
item functioning (DIF) in the Hospital Anxiety Depression Scale: Ordinal logistic regression, Rasch analysis and the
Mantel chi-square procedure. Quality of Life Research, 23, 2883–2888.
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effecten. In Hoofdstuk 8 wordt uitgelegd hoe effectmaten voor verandering kunnen worden
berekend en geïnterpreteerd als indicatie voor klinische relevantie. Wanneer response shift
met SEM wordt onderzocht kan de geobserveerde verandering worden onderverdeeld in: 1)
verandering als gevolg van rekalibratie response shift, 2) verandering als gevolg van reprioritering
en / of reconceptualisering response shift, en 3) verandering als gevolg van verandering in
de onderliggende factoren (‘werkelijke’ verandering). Vervolgens kunnen effectmaten voor
verandering gebruikt worden voor de evaluatie en interpretatie van de grootte van de response
shift effecten, en de impact van response shift op de geobserveerde en ‘werkelijke’ verandering.
Om klinische interpreteerbaarheid van de resultaten te vergroten, wordt uitgelegd hoe de
gebruikte effectmaat voor verandering, de standardized response mean, omgezet kan worden naar
andere soorten effectmaten, namelijk de probability benefit, probability net benefit, en number
needed to treat to benefit. HRQL-gegevens van de voor- en nameting van Hoofdstuk 2 werden
gebruikt voor de berekening en interpretatie van de genoemde effectmaten. De gedetecteerde
response shifts hadden een klein effect op de verandering in de geobserveerde variabelen, en
een klein effect op de ‘werkelijke’ verandering in de onderliggende factoren. Dit hoofdstuk laat
zien hoe effectmaten gebruikt kunnen worden om een indicatie van de klinische relevantie van
response shift te geven, en daarmee inzicht in de invloed van response shift op de verandering
in kwaliteit van leven.
Conclusie
Dit proefschrift heeft als doel onderzoekers te helpen met toepassingen van de SEM methode
voor response shift detectie. Hiertoe werd de SEM methode voor response shift detectie
vergeleken met de toenmeting methode, één van de meest gebruikte methodes is voor het
detecteren van response shift (Hoofdstuk 2). Daarnaast werd de SEM methode voor response
shift detectie uitgebreid voor toepassingen in situaties waarbij er meerdere meetmomenten
zijn (Hoofdstukken 3, 4 en 5), en voor het analyseren van discrete data (Hoofdstukken 6
en 7). Tot slot werd getoond hoe effectmaten voor verandering berekend en geïnterpreteerd
kunnen worden om zodoende een indicatie te geven van de klinische relevantie van response
shift (Hoofdstuk 8). Hiermee beoogt dit proefschrift bij te dragen aan een beter begrip van het
fenomeen response shift en verandering in HRQL.
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