
UvA-DARE is a service provided by the library of the University of Amsterdam (https://dare.uva.nl)

UvA-DARE (Digital Academic Repository)

Unbiased measurement of health-related quality-of-life

King, B.L.

Publication date
2011
Document Version
Final published version

Link to publication

Citation for published version (APA):
King, B. L. (2011). Unbiased measurement of health-related quality-of-life. [Thesis, fully
internal, Universiteit van Amsterdam].

General rights
It is not permitted to download or to forward/distribute the text or part of it without the consent of the author(s)
and/or copyright holder(s), other than for strictly personal, individual use, unless the work is under an open
content license (like Creative Commons).

Disclaimer/Complaints regulations
If you believe that digital publication of certain material infringes any of your rights or (privacy) interests, please
let the Library know, stating your reasons. In case of a legitimate complaint, the Library will make the material
inaccessible and/or remove it from the website. Please Ask the Library: https://uba.uva.nl/en/contact, or a letter
to: Library of the University of Amsterdam, Secretariat, Singel 425, 1012 WP Amsterdam, The Netherlands. You
will be contacted as soon as possible.

Download date:26 May 2023

https://dare.uva.nl/personal/pure/en/publications/unbiased-measurement-of-healthrelated-qualityoflife(314258d2-acb0-4802-a233-b7c7c45453c8).html




 

 

1 

 

 
 
 
 
 

Unbiased Measurement of  
Health-Related Quality-of-Life 



 

 

2 

 

 

 

 

 

 

 

 

 

 

 

 

 
Unbiased measurement of health-related quality-of-life 
Thesis, Academic Medical Center – University of Amsterdam, The Netherlands 
 
ISBN: 978-90-8891-340-2 
 
Painting: Lorreta Tsavaki - http://www.saatchionline.com/LORYLOTSA  
Layout: Rick Nugent - wearelucky.com 
Printed by: Proefschriftmaken.nl 
 
 
 
 
The printing of this thesis was financially supported by the AMR, and the 
Department of Medical Psychology, AMC University of Amsterdam

http://www.saatchionline.com/LORYLOTSA
http://wearelucky.com/


 

 

3 

 

 
Unbiased Measurement of  

Health-Related Quality-of-Life 

 

 

ACADEMISCH PROEFSCHRIFT 

 

 

 

Ter verkrijging van de graad van doctor 

aan de Universiteit van Amsterdam 

op gezag van de Rector Magnificus 

prof.dr. D.C. van den Boom 

ten overstaan van een door het college voor promoties ingestelde 

commissie, in het openbaar te verdedigen in de Agnietenkapel 

op dinsdag 22 november 2011, te 12.00 uur 

 

 

door Bellinda Louise King 

geboren te Ballarat, Australia 

 
 
 
 



 

 

4 

 

 
 
 
 
 

Promotiecommissie 
 
Promotores:   Prof. dr. F.J. Oort 
   Prof. dr. M.A.G. Sprangers 
 
Overige leden:  Prof. dr. N.K. Aaronson 
   Prof. dr. P.M.M. Bossuyt 
   Prof. dr. A.H. Zwinderman 
   Dr. C.V. Dolan 
   Dr. M. Timmerman 
 
Faculteit der Geneeskunde 

 
 
 



 

 

5 

 

 
Contents   

Chapter 1 Introduction 

 

7 

Chapter 2 Structural equation modeling of health-related quality-of-life 

data illustrates the measurement and conceptual perspectives 

on response shift 

Journal of Clinical Epidemiology 2009; 62(11), 1157-1164 

23 

Chapter 3 Using structural equation modeling to detect response shift in 

performance and health-related quality of life scores of multiple 

sclerosis patients 

Quality of Life Research, 2011; doi: 10.1007/s11136-010-9844-9 

45 

Chapter 4 Assessing Measurement Invariance of a Health-Related Quality-

of-Life Questionnaire in Radiotherapy Patients 

Submitted 

81 

Chapter 5 Testing the Assumption of Measurement Invariance in the 

SAMHSA Mental Health and Alcohol Abuse Stigma Assessment 

in Older Adults 

Ageing International, 2011; doi. 10.1007/s12126-011-9125-0 

101 

Chapter 6 Using structural equation modeling to detect measurement bias 

and response shift in longitudinal data 

Advances in Statistical Analysis, 2009; 94(2), 139-156
 

129 

Chapter 7 Comparison of procedures used to test measurement invariance 

in longitudinal factor analysis 

Submitted 

157 

Chapter 8 General discussion 

 

181 

Summary  193 

Samenvatting 200 

Acknowledgments 206 

 
 



 

 

6 

 

 

 



 

 

7 

 

1 
 
 
 
 
 
 
 
 
Introduction: Unbiased Measurement of Health-
Related Quality-of-Life 

 



 

 

8 

 

By measurement to knowledge [door meten tot weten] I should 
like to write as a motto above the entrance to every physics 
laboratory.  

— Heike Kamerlingh Onnes 
 

The above quote captures a common ideal not only in physics, but more 

generally in science regarding measurement. Knowledge, no matter the 

discipline, can only be obtained when we have a good measure. Measuring the 

distance from the edge of my desk to the door will, as long as I do not move my 

desk and ceteris paribus (all things remaining equal), always be 3.55 meters, no 

matter on which day I measure the distance. If a person’s blood pressure is 

measured on two different days, we do not necessarily expect the exact same 

value; however, we believe that we are measuring the pressure of the circulating 

blood against the wall of the blood vessels, which is produced primarily by the 

contractions of the heart [1].  If we measure someone’s self-assessed health-

related quality-of-life (HRQoL) it becomes less clear what we are measuring, as 

the meaning of the construct of HRQoL may be subject to change, even within the 

same person. For example, what HRQoL means to a patient after a diagnosis of 

cancer may be different from what HRQoL means to the same patient after 

receiving chemotherapy.  

 

Measurement invariance: What is it? 

More than half a century ago, Campbell [2] discussed how extraneous 

factors in the analysis of change could confound the assessment of change in the 

outcome of interest. Among the possibilities discussed was the idea that 

respondents could change their frame of reference leading to instrument decay. 

This was put more formally by Cronbach and Furby [3], who noted that all 

analysis of change hinges on the assumption that there is a common metric of the 

latent variable across measurement occasions. Since this time different fields 

have developed theories that encompass these ideas and attempt to explain, test 

and control for confounding due to different metrics of the latent variable in the 
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analysis of change. The theories can be divided into two groups, psychometric 

and substantive. 

Psychometric Theory 

In 1989 Mellenbergh [4] formally presented a general formula that can 

be applied to the situation Campbell [2] and Cronbach and Furby [3] described 

and that represents the field of measurement invariance. Measurement 

invariance is defined as:  

 

  f1(X|A = a, V = v) = f2(X|A = a)       

where X is an observed item, A the attribute we would like to measure and V any 

variable that has the potential to violate the relationship between X and A and 

thus lead to measurement bias. Functions f1 and f2 are both conditional 

distributions, f1 being the conditional distribution of X given a and v, and f2 the 

conditional distribution of X given only a. If the conditional independence does 

not hold, (f1 ≠ f2), then the measurement of A by X is said to be biased by V and 

the assumption of measurement invariance is violated. What V represents is 

related to the research question. In this thesis V primarily represents time, but is 

also used to represent group membership.  

Mellenbergh’s [4] work has provided a statistical framework for testing 

invariance, which has been further developed by a number of researchers, 

notably by Meredith [5], who applied the above formula to a multi-group 

confirmatory factor analysis (CFA). This application has been extensively utilized 

in diverse fields of research, where group membership has been defined by 

gender, race, age, disease, employment status just to name a few. In an extensive 

review of this literature, Vandenberg and Lance [6] reported that there are three 

tests of measurement invariance and thus the detection of measurement bias 

that are of primary importance. While the terminologies that are used differ, the 

three tests are configural invariance (same pattern of free and fixed elements in 

the factor loading matrix), metric invariance (equal factor loadings) and scalar 

invariance (equal factor loadings and equal intercepts) [6]. Until recently, most 

work was focused on multiple-group invariance testing, however these tests can 

be easily applied to longitudinal data [7-9]; and can be considered crucial for the 
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comparison of common factor means, either by group membership or across 

time. 

 Substantive Theories 

In parallel to the theory of measurement invariance, substantive 

researchers developed their own taxonomies for describing a shifting metric for 

common attributes specific to longitudinal research. Two prominent taxonomies, 

developed at the same time, are from the fields of organization/management 

research [10] and educational research [11]. The first theory is known as alpha, 

beta, gamma change, where alpha change is defined as true change in the 

attribute of interest; beta change as change due to respondents’ recalibration of 

the measurement scale; and gamma change as the change in the respondents’ 

understanding of the attribute of interest [10]. From the field of educational 

research, Howard et al. [11] coined the term response shift, which refers to 

change experienced by respondents in their internal standard of measurement 

from one measurement occasion to the next, which is similar to beta change. This 

change in measurement is the result of some (educational) intervention that 

alters the way the participant regards the construct of interest.  

The taxonomy adopted in the current thesis was developed by Sprangers 

and Schwartz [12], which combines elements of both Golembieski et al. [10] and 

Howard et al. [11] and is applied to the field of HRQoL research. Sprangers and 

Schwartz’s work was in response to paradoxical or ambiguous findings in HRQoL 

research, where patients facing a life threatening illness, report similar or better 

HRQoL in comparison to healthy individuals. Such findings might be the result of 

recalibration, reprioritization, or reconceptualization; which occur as a result of 

health state changes [12]. Recalibration is similar to beta change and 

reconceptualization to gamma change. Reprioritization is defined as a change in 

repondents’ values in that different domains may become more or less important 

over time.  

To marry the terminiologies used in psychometerics and HRQoL 

research, it can generally be said that when measurement invariance is violated 

with respect to time, this can be considered as a special case of measurement 

bias, that is often referred to as ‘response shift’. More specifically, a violation of 
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configural factor invariance correponds to reconceptualization, a violation of 

metric measurement invariance to reprioritiation and a violation of scalar 

measurement invariance to recalibration. In this introduction we will use the 

terminology associated with response shift. However, throughout the thesis, 

terminologies are mixed because some chapters are intended for HRQoL 

researchers and others for psychometricians.  

 

Measurement invariance: Why investigate it. 

To measure patient reported outcomes, such as HRQoL, we rely on the 

use of self-report questionnaires. Observed scores on self-report questionnaires 

are particularly susceptible to bias or response shift. In HRQoL research this 

susceptibility to bias or response shift is hypothesized to be related to a catalyst 

[12]. Examples of such catalysts are a potentially life threatening disease or 

invasive treatment. Response shift can also be related to an intervention to 

change patient behavior or the mere passage of time. Regardless, if patients 

change their frame of reference between consecutive measurement points our 

conclusions regarding change in HRQoL may be wrong. This is because we may 

not be entirely capturing true change in HRQoL but rather true change and 

systematic bias as a result of response shift [9].  

To provide an example of how the three conceptualizations of response 

shift can occur, imagine a lung cancer patient, Lisa, who has just been diagnosed 

and has agreed to participate in a study investigating HRQoL. When filling in the 

questionnaire, Lisa comes upon the item “How much of the time during the past 

4 weeks did you feel tired?” Lisa has a full time job and two young children and 

feels tired a lot, so she responds with “Most of the time = 2”. Lisa then undergoes 

chemotherapy and after her last treatment cycle she feels exhausted, even after 

sleeping for eight hours. At that time she completes the same questionnaire and 

again responds with “Most of the time, = 2” to the fatigue item. However, the 

value of “2” does not represent the same level of fatigue she experienced prior to 

chemotherapy, therefore Lisa has recalibrated the measurement scale. It is also 

possible that Lisa has reconceptualized what being tired means. For example, 

before chemotherapy Lisa would say she was very tired after a full day of work 



 

 

12 

 

and taking care of one of her sick children. It is also possible that while Lisa feels 

tired most of the time, this is now less important to her than before as she enjoys 

the emotional support provided by her family and being able to spend time with 

them. Therefore she has reprioritized fatigue so that it is now less important to 

her than social functioning, whereas prior to treatment these two domains may 

have been equally important. If we only look at the response Lisa provided to the 

item, we would conclude that Lisa’s assessment of fatigue had not changed. 

To prevent such erroneous conclusions, it is important to test 

measurement invariance over measurement occasions to ensure that a response 

shift has not occurred, and to test that no measurement bias is present in respect 

to additional patient and disease characteristics. In testing these assumptions and 

accounting for any response shift or measurement bias identified the conclusions 

regarding change in the construct of interest are valid. This is true for any self-

report measure, and not only important for HRQoL measures.   

 

Measurement Invariance: How to Investigate it. 

Various methods have been proposed for investigating bias and 

response shift. Golembeiski, et al. [10] proposed using factor analysis, a statistical 

approach; whereas Howard et al. [11] proposed using the then-test, a design 

approach. In general, design approaches require additional measures to assess 

whether the metric of the construct of interest has changed and whether 

reprioritization and reconceptualization has occurred. Statistical approaches on 

the other hand, do not necessarily have this requirement as the choice of the 

method can be made post hoc based on the available data [13]. The work of 

Jöreskog and Sörbom [14;15] inspired both psychometricans [5] and substantive 

researchers [16] to develop statistical procedures for investigating bias and 

response shift. Oort [9;17] using structural equation modeling (SEM) brought 

both fields together using the framework of Sprangers and Schwartz [12].  

A number of other advanced statistical methods are used in bias and 

response shift evaluation. Recently a head-to-head comparison of some of these 

methods was conducted using the same dataset to investigate response shift in 

two HRQoL measures. Methods that were compared included SEM [18], latent 



 

 

13 

 

trajectory analysis [19], and classification and regression tree modeling [20]. 

Regardless of the method, very few instances of response shift were identified. 

The response shifts that were identified did differ between methods; however 

these results may be more reflective of how the different methods 

operationalized the observed variables. These papers were presented at the 17
th

 

Annual Conference of the International Society for Quality of Life Research [21] 

and will be published in an upcoming issue of Quality of Life Research.  

In this thesis, we focus on the approach suggested by Oort [9;17]. In 

using his procedure, measurement bias and response shift can be detected, 

accounted for and true change in HRQoL can be assessed. This requires a 

questionnaire with multiple items, aimed at measuring the attribute of interest 

(e.g., HRQoL), which is administered on at least two measurement occasions. To 

identify response shift a hierarchical four step procedure is proposed by Oort. The 

four steps are: 1) Establishing a measurement model; 2) Overall testing of 

response shift; 3) Response shift detection; and 4) True change assessment. Once 

a valid measurement model has been identified for the questionnaire items, 

equality constraints are placed on the parameters of interest, and the tenability 

of these constraints are investigated. When the constraints are not tenable this is 

strong indication of bias [9;17]. In this thesis we focus primarily on factor loadings 

and intercepts. Non-tenable equality constraints associated with the factor 

loadings represent either reconceptualization (zero to non-zero estimates) or 

reprioritization (strength of estimate changing over measurement occasions). 

Non-tenable equality constraints associated with the intercepts represent 

recalibration.  

 

Measurement Invariance: What to do if Bias is Identified 

When measurement invariance has been violated and thus bias or 

response shift are present, true change in HRQoL can still be investigated. 

However, before doing so the bias must be accounted for. If a biased parameter 

is identified in Step 3 of Oort’s [9;17] procedure, then the equality constraints 

placed on the parameter(s) are not tenable and therefore removed. When 

equality constraints are removed, we have a scale with partial measurement 
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invariance. While it is ideal when comparing common factor means to have full 

measurement invariance and therefore no bias or response shift, this 

requirement may be too restrictive. Therefore, Byrnes, et al. [22] were among the 

first to argue that full measurement invariance is not a necessary condition for 

common factor mean comparisons, but rather a good starting point. 

After establishing the invariance or partial invariance of factor loadings 

and intercepts then Step 4 of Oort’s procedure can be carried out where the 

effect sizes of the response shift, observed change and true change can be 

calculated using the partitioning formula [9]. These effect sizes can be interpreted 

in terms of Cohen’s effect size d [23]. In addition to investigating the size of 

response shift associated with biased parameters, the common factor mean can 

now be investigated to determine if HRQoL has changed between measurement 

occasions. Once bias and response shift have been accounted for, any change in 

HRQoL is valid and can be interpreted with confidence.  

 

Measurement Invariance: The Impact on Substantive Conclusions 

If we return to the example of Lisa and her evaluation of fatigue, one can 

see that her internal standards, prioritization and conceptualization when 

assessing fatigue have changed. What is important from a measurement 

perspective is that the assumption of measurement invariance has been violated 

and the assessment of change has been compromised. In this thesis, this is our 

primary focus, for example we aim to account for response shift and 

measurement bias so that we can measure true change in for example fatigue 

associated with HRQoL.  

While bias and response shift detection has become more popular, more 

work is needed to better understand the phenomenon in diverse patient 

populations who experience different catalysts that could result in a health state 

change. Second to this, the methods and procedures used to detect bias and 

response shift are rarely consistently applied and have thus far led to mixed 

results. Regardless, when bias or response shift is present in the data, it has the 

potential to substantively affect the conclusions drawn [9] and therefore requires 

consideration.  
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Outline of Thesis 

When measurement invariance is violated and response shift or 

measurement bias is present, any observed change may reflect a true change in 

HRQoL or a change that is associated with the bias. While there is a general 

consensus that this is problematic, we currently do not know the best procedure 

for testing measurement invariance, which factors will affect measurement bias 

and response shift and under what circumstances these factors play a role. 

Therefore, the general objective of this thesis is to investigate measurement 

invariance in existing sets of HRQoL data in diverse patient populations, to 

account for measurement biases and response shifts, and assess true effects on 

unbiased HRQoL. This will be achieved by using SEM. In applying the procedure 

outlined by Oort [9] to the data used in this thesis we anticipate that 

methodological problems will arise. As a result, our secondary aim is to address 

some of these problems in two methodological papers where we will use 

empirical examples to illustrate the problem. As a result this thesis is divided into 

two sections; applied papers and methodological papers.  
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Table 1. Objectives of thesis 

 Objectives Patient Population Instrument 

 Applied Chapters 

Chapter 2  To illustrate how two perspectives of response shift are related; 

the measurement  perspective and conceptual perspective  

 To investigate bias and response shift associated with different 

patient characteristics: sex, age, cancer site, health status, 

optimism, and upward comparison 

 

Breast, lung, 

pancreatic and 

esophageal cancer 

patients  (n = 202) 

SF-36 [24] 

Chapter 3  To investigate bias and response shift associated with health state 

as a fixed group membership (Study 1) and as time-varying 

covariates (Study 2) 

 To Investigate bias and response shift associated with different 

patient characteristics: sex, age, time since diagnosis, relapse in 

the past 6 months, and symptom change in the last 6 months 

(Study 1 and 2) 

 To illustrate bias and response shift detection with random (Study 

1) and fixed measurement occasions (Study 2). 

 

Multiple Sclerosis 

patients (Study 1, n = 

1,552; Study 2, n = 

1,767)   

SF-12 [25]and the 

Disability Scales [26] 
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Chapter 4  To investigate measurement bias in a cross-sectional sample using 

restricted factor analysis 

 To investigate bias associated with different patient 

characteristics: sex, age, previous treatment for cancer, and 

information regarding treatment preferences  

 

Heterogeneous cancer 

patients (n = 155) 

EORTC QLQ-C30 [27] 

Chapter 5  To investigate bias and response shift  in a longitudinal (3 

measurement occasions), multi-group (two treatment groups) 

analysis  

 To investigate whether the wording of items has a direct effect on 

observed item scores when they should not 

 To investigate bias associated with different patient 

characteristics: sex, age, education, race, Physical and Mental 

HRQoL, mental health symptoms, and at-risk drinking problem  

Patients who screened 

positive for depression, 

anxiety, and/or at-risk 

drinking (n = 1,198) 

SAMHSA Mental Health 

and Alcohol Abuse 

Stigma Assessment 

 Methods Chapters 

Chapter 6  To illustrate a refined procedure for detecting bias and response 

shift 

 To present this procedure in a series of hierarchical steps that are 

easy to follow 

HIV/AIDS patients       

(n = 403) 

MOS-HIV [28] 
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 To address the issue of chance findings 

 To address the problem of the constraint interaction and how to 

avoid it 

 

Chapter 7  To illustrate two different strategies for detecting bias and 

response shift 

 To highlight advantages and disadvantages of using different 

strategies in detecting bias 

 To address the issue of chance findings in relation to single and 

multiple parameter tests 

Lung cancer patients   

(n = 216) 

EORTC QLQ-C30 [27] 

and EORTC-LC13 [29] 
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Abstract 

Objective: To illustrate different perspectives on response shift with cancer 

patients’ health-related quality-of-life (HRQoL) data. In measurement 

perspective, the focus is on bias in the measurement of HRQoL. In conceptual 

perspective, the focus is on bias in the explanation of HRQoL. 

Study Design and Setting: Data came from a consecutive series of 202 newly 

diagnosed cancer patients, heterogeneous to cancer site, all undergoing surgery. 

A HRQoL questionnaire was administered before and after surgery. Using 

structural equation modeling, biases and response shifts in measurement and 

explanation of HRQoL were investigated with respect to patient’s cancer site, 

health status, sex, age, optimism, and social comparison. 

Results: Six measurement biases were found, five of which were considered 

response shift. The ‘‘general health’’ (GH) scale appeared most susceptible to 

response shift. For example, GH scores were not fully determined by HRQoL but 

also by optimism before surgery and female sex and downward social comparison 

after surgery. Additionally, two explanation biases were found, neither of which 

were considered response shift - before and after surgery the mental component 

of HRQoL was not only affected by cancer site and health status but also by 

optimism and downward social comparison. 

Conclusion: Our approach enables the distinction and testing of biases and 

response shifts in the measurement and explanation of HRQoL.  
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Introduction 

There are a number of different methods and definitions of response 

shift in the literature. In an attempt to clarify differences of opinion on what 

defines response shift for researchers who investigate response shift in the field 

of health-related quality of life (HRQoL) we distinguish between two response 

shift perspectives: the measurement perspective and the conceptual perspective 

[1;2]. With regard to HRQoL, response shift can be formally defined either as a 

bias in the measurement of HRQoL or as a bias in the explanation of the concept 

of HRQoL.  

From the measurement perspective, bias is introduced when the 

relationship between the measurement instrument (denoted by X) and other 

variables (potential violator variables, denoted by V) is not fully explained by their 

relationships with the attribute of interest (denoted by A; see Fig. 1). For 

example, when investigating the attribute HRQoL, one might use the Short Form-

36 (SF-36) scores to measure HRQoL and concurrently collect potential violator 

variables, such as age, sex, optimism, and social comparison of the respondents. 

If the relationship between the SF-36 scores and sex cannot be explained via their 

relationships with HRQoL, measurement bias has been found. Response shift is a 

special case of measurement bias and occurs when investigating the change in an 

attribute. For example, if the relationship between the SF-36 and optimism scores 

is explained via their relationship with HRQoL at baseline, but not at follow-up, 

we have found response shift in measurement. Both examples violate 

measurement invariance, an important assumption in measurement testing, as 

the attribute HRQoL should fully explain the scores on the HRQoL measurement 

instrument. From the measurement perspective, violator variables only bias the 

measurement of the attribute. Any variable other than the attribute of interest 

(A) can operate as a violator variable (V). For a formal definition and a more 

detailed discussion of response shift from the measurement perspective see Oort, 

et al. [1] and Oort [2].  

From the conceptual perspective, bias is introduced when the 

relationship between the attribute (A) and the violator variables (V) is not fully 

explained via their relationships with the known explanatory variables (denoted 
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by E; see Fig. 1). For example, when investigating HRQoL, a known explanatory 

variable may be health status but information is also collected on age, sex, 

optimism, and social comparison of the respondents. If the relationship between 

HRQoL and age is not fully explained via their relationships with health status 

then explanation bias has been found. Response shift is a special case of 

explanation bias and occurs when investigating the changes in the attribute of 

interest. For example, if the relationship between HRQoL and optimism is 

explained via their relationships with health status at baseline, but not at follow-

up, we have found response shift in explanation. Violator variables can confound 

the results between the explanation variable and attribute if they are not 

accounted for. Potential violator variables include any variable that is not a 

recognized explanation variable of the attribute of interest. The distinction 

between explanation variables and violator variables depends on the substantive 

research question. In HRQoL research, examples of explanation variables are 

health state or medical treatment, and examples of potential violators are 

adaptation, coping, and social comparison. For formal definitions and a more 

detailed description see Oort, et al. [1] in this same journal issue. 

Comparing the two perspectives, measurement bias concerns the 

relationships between observed measurements of HRQoL (X ) and HRQoL itself 

(A), whereas explanation bias concerns the relationships between the 

explanatory variables (E; causes, predictors) of HRQoL and HRQoL itself (A). We 

will use structural equation modeling (SEM) to investigate these biases, because 

with SEM we can clearly distinguish between the two types of relationships and 

possible biases. 

The aim of the current article was to provide an empirical example of 

investigating response shift from the two perspectives. We investigated 

measurement bias, response shift in measurement, explanation bias, and 

response shift in explanation in HRQoL data from cancer patients who underwent 

invasive surgery. This data set has been used previously to illustrate the 

application of SEM to detect response shift [3]. However, that analysis strictly 

adhered to the measurement perspective. To highlight the differences between 

the measurement and conceptual perspectives about bias and response shift, the 
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analysis will be extended to include cancer site and health status as explanatory 

variables, and sex, age, optimism, and upward comparison as potential violator 

variables. 

 

Method 

Data 

The data used in this study are a subset of variables from a larger study 

where newly diagnosed cancer patients were consecutively recruited to 

investigate HRQoL and response shift [4]. The sample we used comprised 202 

newly diagnosed cancer patients with a mean age of 57.3 (standard 

deviation514.2), and just over half were male (51.49%). Four cancer diagnoses 

were included, 36 lung cancer patients (18%) waiting for a lobectomy or a 

pneumectomy, 49 pancreatic cancer patients (24%) waiting for Whipple or bypass 

surgery, 55 esophageal cancer patients (27%) waiting for either transhiatal or 

transthoracal surgery, and 62 cervical cancer patients (31%) waiting for radical 

hysterectomy. 

The study was introduced to patients at the initial consultation with their 

surgeon where they were also informed about their surgery. Patients were then 

approached via telephone a few days later and invited to participate in the study 

and to provide informed consent. The first interview took place before surgery 

and the second interview was completed three months after surgery. For more 

details see Visser, et al. [4]. The Medical Ethics Committee of the local institute 

approved the study. 

 

 Variables 

We distinguish between outcome variables measuring HRQoL, 

explanatory variables cancer site and health status, background variables sex and 

age, and other potential violator variables optimism and upward comparison. All 

variables were collected at baseline, and HRQoL and health status were also 

collected at follow-up. Patient’s sex, age, and cancer site were obtained from the 

patients’ records. All other variables were measured through self-report. 
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HRQoL The Dutch language version of the SF-36 health survey was used 

which has been found to have excellent psychometric properties for both the 

original English version and the Dutch language version [5,6]. This survey includes 

eight scales: physical functioning (PF), role limitations because of physical health 

(RP), bodily pain (BP), social functioning (SF), mental health (MH), role limitations 

because of emotional problems (RE), vitality (VT), and general health (GH). Scale 

scores were calculated according to the guidelines in the SF-36 manual; however 

the scores were divided by 20 for computational convenience. Higher scores 

indicated better health. 

Health status A health status scale was created using a global functioning 

checklist that had similar items to the self-reported Karnofsky Performance Status 

Test [7]. There were a total of eight items that were averaged to create a score 

ranging from 1 to 3. Scores were reversed so that higher scores indicated better 

health, which is in line with the SF-36 scales. 

Optimism The Life Orientation Test [8] was used to measure optimism. It 

consists of 13 items with a five-point response scale with options ranging from ‘‘I 

agree a lot’’ to ‘‘I disagree a lot.’’ Item scores were summed to a total score that 

was re-scaled, with a mean of zero and standard deviation of one. Higher scores 

indicated a more optimistic attitude. 

Upward comparison ‘‘Upward comparison’’ is used as an abbreviation 

for ‘‘upward social comparison,’’ which is one of four scales in the Social 

Comparison Test [9]. This upward comparison scale consists of three items 

regarding the extent to which respondents compare themselves with other 

people who do better. A six-point response scale was used that ranged from ‘‘not 

at all’’ to ‘‘very strongly.’’ Item scores were summed to a total score that was re-

scaled, with a mean of zero and standard deviation of one. Higher scores 

indicated greater use of this comparison style. 
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Statistical analysis 

A three-step procedure was used to investigate bias and response shift 

in the HRQoL data gathered before and after surgery. The first step, establishing a 

measurement model, involved identifying an appropriate measurement model 

using confirmatory factor analysis. This step is crucial, if the measurement model 

does not have satisfactory fit to the data or a clear interpretation, it is not 

possible to investigate invariance from either the measurement perspective or 

conceptual perspective. 

In the second step, investigating measurement bias and response shift in 

measurement, the measurement invariance of the HRQoL scales was investigated 

with respect to cancer site, health status, sex, age, optimism, and upward 

comparison. Measurement invariance was defined as conditional independence 

of the observed HRQoL scale scores given the ‘‘true’’ HRQoL factors found in Step 

1. Violations of this invariance indicate measurement bias or response shift in 

measurement. The measurement bias definition [1] was applied with the HRQoL 

scales as observed measurement variables X, common HRQoL factors as 

attributes (A), and cancer site, health status, sex, age, optimism, and upward 

comparison as potential violator variables (V). Response shift was investigated as 

a special case of measurement bias by checking for changes in measurement bias 

across measurement occasions. 

The third step, investigates explanation bias and response shift in 

explanation, after having accounted for measurement bias and response shift in 

measurement. Explanation invariance of ‘‘true’’ HRQoL factors was investigated 

with respect to sex, age, optimism, and upward comparison. Explanation 

invariance was defined as conditional independence of HRQoL given the known 

explanation variables of HRQoL, such as cancer site and health status. The 

explanation invariance definition [1] was applied with the common HRQoL factors 

as attributes (A), cancer site and health status as explanatory variables (E ), and 

sex, age, optimism, and upward comparison as potential violator variables (V). 

Response shift was investigated as a special case of explanation bias by checking 

for changes in explanation bias across measurement occasions. 
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Before beginning our investigation of measurement bias and response 

shift from the two different perspectives, the data were screened for non-

response. Non-response in this data set is small because of questionnaires being 

completed in the presence of an interviewer. We treated non-response at the 

item level according to the instructions in the test manual for the particular 

measure. In the two cases where there were not enough data to compute scale 

scores for the SF-36, we used the expected maximization procedure for missing 

data [10]. 

  In each of the three steps mentioned above, SEM was used [11] as 

described by Oort et al. [1]. 

 

 Step 1: Establishing a measurement model 

SEM was used to fit a confirmatory factor model to the 16 x 16 variance-

covariance matrix of the eight HRQoL scales measured at two occasions. We used 

the maximum likelihood estimation method to fit a model with both 

measurement occasions and two common factors, Physical HRQoL (PHYS HRQoL) 

and Mental HRQoL (MENT HRQoL), with a pattern of factor loadings that was 

derived from the results of the principal components analysis published by Ware 

et al. *5+. Work by Aaronson et al. *6+ suggests that Ware’s structure is 

appropriate for the Dutch population. The scores on the observed variables were 

not multivariately normally distributed, and univariate tests revealed that the 

distributions were skewed for approximately half of the variables. As the 

assumption of multivariate normality was violated, the resulting test statistic may 

not have a central chi-square distribution, and the standard errors may not be 

correct [11]. However, Hoogland and Boomsma [12] suggest that this does not 

seriously bias the estimates of the model parameters. Overall goodness-of-fit was 

evaluated with the chi-square test of exact fit and the root mean square error of 

approximation (RMSEA) as a measure of approximate fit. A non-significant chi-

square test indicates good model fit. However, in the practice of SEM we do not 

expect exact fit, and the hypothesis of exact fit is usually rejected, provided there 

is enough statistical power. An RMSEA value of less than 0.08 suggests 

satisfactory fit, and a value of less than 0.05 suggests close fit [13]. In addition to 
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overall goodness-of-fit, component fit was evaluated through inspection of 

modification indices and standardized residuals [11;14]. 

 

Step 2: Detecting measurement bias and response shift in measurement 

In the second step, we extended the four-factor model to include the 

following: cancer site, health status (before and after surgery), age, sex, 

optimism, and upward comparison. Cancer site was a categorical variable with 

four categories. This nominal variable was replaced by three binary dummy 

variables; cervical cancer was used as the reference category. There were nine 

violator variables (V) that were included in the model as exogenous variables, 

with residual variances fixed at zero. All violator variables were correlated with 

each other, and with the common HRQoL factors. In Step 2, we did not distinguish 

between explanatory variables (E ) and violator variables (V), therefore in Fig. 1 

the variables labeled explanatory are included as violators for this section of the 

analysis. Measurement bias was indicated by significant modification indices for 

direct effects of the nine violator (V) variables on the HRQoL scales (X) and for 

across occasion constraints on factor loadings and intercepts [15]. We did not 

investigate possible across occasion invariance of residual variances as the 

residuals affect neither the measurement nor the explanation of the common 

factors. In all, there were 184 modification indices to consider ([16 x 9 direct 

effects fixed at zero] + [8 x 4 across occasion constraints on factor loadings] + [8 

across occasion constraints on intercepts]), however, eight modification indices 

were subtracted because of impossible effects of the second occasion health 

state on first occasion HRQoL scales. This left 176 modification indices for 

constrained parameters that would be interpreted as measurement bias if 

unconstrained. The modification index has a chi-square distribution with one 

degree of freedom. As there were a large number of tests, to maintain a family 

wise Type 1 error rate of 5%, a Bonferroni-adjusted critical value [16] of 12.9 

(associated with a probability of 0.05/176) was used. There are variations of the 

Bonferroni procedure [17;18] but in our analysis these other methods provide the 

same results. The Step 2 model was modified by changing one parameter at a 

time and constantly checking the estimates and results to ensure that the 
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changes were meaningful and interpretable. This process was continued until the 

largest modification index was less than 12.9. We should note that the 

modification index often underestimates the actual improvement of fit (
2
 

difference). Therefore, we also checked parameter changes that were associated 

with modification indices less than 12.9 and investigated the actual 
2
 difference. 

 

 Step 3: Detecting explanation bias and response shift in explanation 

In the third step, we distinguish between explanatory variables (E ) 

cancer site (represented by three dummy variables) and health state (measured 

before and after surgery) and the violator variables (V). In the model associated 

with Step 3, the explanatory (E ) variables had direct effects on the common 

HRQoL factors (A), except for the second occasion health state on first occasion 

common HRQoL factors. The other potential violator variables (V), sex, age, 

optimism, and upward comparison, remained as such and were allowed to 

correlate with each other and with the explanatory variables, but not with the 

common HRQoL factors (see Fig. 1). Explanation bias is indicated by significant 

modification indices for direct effects of the four violator (V) variables on the four 

common HRQoL factors. In this step, there were 16 modification indices to be 

considered, and the Bonferroni-adjusted value was 8.8 (associated with a 

probability of 0.05/16), maintaining a family wise error rate of 5%. The Step 3 

model was modified by changing one parameter at a time, accounting for 

possible explanation bias, until the largest modification index was less than 8.8. 

 

Results 

We report the fit results for the five main models fitted (Table 1), 

however, to save space we give parameter estimates for the final model (Model 

5) only (Table 2). Fig. 1 provides a graphical display of the final model. 

 

 Step 1: Measurement model 

The principal components analysis results reported in the SF-36 test 

manual [5] suggest that PF, RP, and BP were solely associated with PHYS HRQoL; 

MH and RE were solely associated with MENT HRQoL; and SF, VT, and GH were 
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associated with both PHYS HRQoL and MENT HRQoL. The measurement model 

can be seen in the lower section of Fig. 1. 

In Model 1, factor loadings and intercepts are not constrained to be 

equal across occasions. Only for the final model (Model 5 in Step 3) are the factor 

loadings and intercepts presented (Table 2 - parts 2a and b). The test of exact fit 

of the measurement model as suggested by the manual was significant (Model 1, 

Table 1), but the RMSEA measure indicated close fit (RMSEA = 0.042). As the 

interpretation of Model 1 was clear, with common PHYS HRQoL and MENT HRQoL 

factors at both occasions, we concluded the model was satisfactory and this 

model could be used to investigate measurement bias, response shift in 

measurement, explanation bias, and response shift in explanation. 
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Figure. 1. Graphical representation of the final model.  
Note: This model is arrived at in Step 3. Dashed arrows represent measurement bias, and 
dotted arrows represent explanation bias. For the sake of clarity, relationships within the 
gray boxes are not shown, and relationships between gray boxes are summarized by a 
single indicative arrow. This means that all attributes A are correlated with each other, all 
explanatory variables E are correlated with each other, and all potential violator variables 
V are correlated with each other. In addition, the double-headed arrow represents all 
correlations between all E and V variables and the single-headed arrows re-present all 
effects and biases. For example, the arrow from the E block to the A block represents 
effects of all E variables on all A variables. In Step 2, we do not distinguish between E and 
V, and all E and V variables are included as potential violators. In Step 1, we only consider 
the lower part of the figure, with measurement variables X and their common factors as 
attributes A. Subscripts 1 and 2 indicate measurement occasion. 
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Table 1.  Overall goodness-of-fit results  
 

Step Model Chi-square df RMSEA 
(90 % conf. int.) 

Step 1. Find meas. model Model 1: Measurement model 113.67 84 0.042 
(0.019 ; 0.060) 

Step 2. Detect measurement 
bias 

Model 2: First model, without 
accounting for measurement bias 

381.06 207 0.065 
(0.054 ; 0.075) 

 Model 3: Final model, accounting for 
measurement bias 

295.51 202 0.048 
(0.036 ; 0.059) 

Step 3. Detect explanation bias Model 4: First model, without 
accounting for explanation bias 

376.58 220 0.060 
(0.049 ; 0.070) 

 Model 5: Final model, accounting for 
explanation bias 

326.03 218 0.050 
(0.038 ; 0.061) 

Notes: N = 202; Chi square refers to the Normal Theory Weighted Least Squares Chi-Square. 

 
 

Step 2: Measurement bias and response shift 

In the second step, all factor loadings and intercepts were constrained to be equal across occasions. Potential violators 

of measurement invariance were included as exogenous variables - cancer site, health state, age, sex, optimism, and upward 

comparison. These variables were allowed to correlate with the common HRQoL factors, but not directly affect the observed 

HRQoL subscale scores. The chi-square measure of fit for this model was significant (Model 2, Table 1), and the RMSEA shows
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that the model had satisfactory fit (RMSEA = 0.065). However, modification 

indices and standardized residuals revealed that the fit of the model could be 

further improved by accounting for instances of measurement bias. 

The relationships between the potential violator variables and the 

observed variables should be explained via their relationships with the common 

HRQoL factors. When this does not occur, measurement bias has been found. The 

results indicated six instances of measurement bias, five of which could be 

considered as response shift in measurement. 

We found two factor loadings that were not equal across measurement 

occasions, which also indicated response shift [15]. The factor loading of GH 

appeared to be not significant at the first measurement occasion; therefore, it 

was constrained to equal zero. In addition, the factor loading of BP on MENT 

HRQoL appeared to be different from the initial zero value, therefore it was set 

free to be estimated. After surgery, MENT HRQoL directly affected patients’ 

perception of BP (0.23) and GH (0.29), but before surgery it did not. Such 

response shift is known as ‘‘reconceptualization’’ response shift *15+. 

The relationship between age and PF was not fully determined by their 

relationships with the common PHYS HRQoL factor. This indicated that PF was not 

just indicative of PHYS HRQoL but also of age. Therefore, a direct relationship 

between age and PF was included (estimated at -0.22 in Model 5, see Table 2c). 

The violation of measurement invariance was consistent across occasions and 

indicated that older patients reported worse PF than younger patients, even if 

their PHYS HRQoL was similar.  

The observed score for GH was not fully determined via the relationships 

of optimism, sex, and upward comparison and the PHYS HRQoL and MENT HRQoL 

factors. These violations of measurement invariance were not consistent across 

time and were considered as response shift in measurement. Optimism had a 

direct effect on GH at the first occasion, whereas sex and upward comparison had 

direct effects on GH at the second occasion. The effect of optimism on GH at the 

first measurement occasion was positive (0.21), suggesting that before surgery 

optimistic patients reported better GH than less optimistic patients, even if their 

true HRQoL was similar. The effect of sex on GH at the second measurement 
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occasion was also positive (0.36), suggesting that after surgery female patients 

reported better GH than male patients, even if their true HRQoL was similar. The 

effect of upward comparison on GH at the second measurement occasion was 

negative (-0.19), suggesting that, after surgery, patients who compare themselves 

to people who do better report worse GH, than those who compare themselves 

to people who do worse, even if their true HRQoL was similar. 

After accounting for these measurement biases, the modified model 

showed improvement and close fit (Model 3, RMSEA = 0.048, see Table 1). The 

largest modification indices were well below the critical value of 12.9. In Model 3, 

the estimates of the common factor means indicated that after surgery patients 

reported worse PHYS HRQoL (effect size d = -0.72) but improved MENT HRQoL (d 

= 0.58). 

 

Step 3: Explanation bias and response shift 

In the third step of the analyses, we distinguished between explanatory 

variables, cancer site and health state, with direct effects on PHYS HRQoL and 

MENT HRQoL, and potential violators of explanation invariance, age, sex, 

optimism, and upward comparison, without direct effects on PHYS HRQoL and 

MENT HRQoL. This more restrictive model, in comparison with Model 3, had 

significantly worse fit (Model 4, Table 1; chi-square difference = 81.1, df = 18, 

P<0.001), indicating that explanation bias was present. 



 

 

38 

 

 

Table 2.  Parameter estimates for the Figure 1 model of the measurement and 

explanation of HRQoL of 202 cancer patients assessed before and after surgery 

 

Factor loadings
(a)

 Before surgery After surgery 

 PHYS HRQoL MENT HRQoL PHYS HRQoL MENT HRQoL 

PF 0.47  0.47  
RP 0.61  0.61  
BP 0.31  0.31 0.23

(a)
 

SF 0.27 0.48 0.27 0.48 
MH  0.72  0.72 
RE  1.10  1.10 
VT 0.36 0.30 0.36 0.30 
GH 0.17  0.17 0.29

(a)
 

Intercepts
(b)

 Before surgery After surgery 

PF 3.91  3.91  
RP 2.96  2.96  
BP 3.74  3.74  
SF 3.76  3.76  
MH 3.25  3.25  
RE 2.90  2.90  
VT 3.14  3.14  
GH 3.02  3.02  

Explanatory 
effects

(c)
 

Before surgery After surgery 

 PHYS HRQoL MENT HRQoL PHYS HRQoL MENT HRQoL 

Lung cancer (vs 
cervical) 

0.32 0.29 0.06 0.43 

Pancreatic cancer 
(vs cervical) 

-0.02 0.70 0.36 0.46 

Esophageal cancer 
(vs cervical) 

0.29 0.42 0.72 0.31 

Health state 
before surgery 

5.66 0.88 0.76 0.09 
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Health state after 
surgery 

  3.95 0.91 

Measurement 
bias

(d)
 

Before surgery After surgery 

Age  PF -0.22  -0.22  

Optimism  GH 0.21
(d)

  0.00  

Sex (female)  GH 0.00  0.36
(d)

  

Upward Comp.  
GH 

0.00  -0.19  

Explanation bias
(e)

 Before surgery After surgery 

Optimism  
MENT HRQoL 

0.30  0.30  

Upward comp.  
MENT HRQoL 

-0.38  -0.38  

 
Notes: (a) across time differences between factor loadings indicate (reprioritization or 
reconceptualization) response shift; (b) across time differences between factor loadings 
indicate (recalibration) response shift;  (c) effects of cancer site and health state on HRQoL; 
coefficients in italics are not significant at 5% level; (d) across time differences in 
measurement bias indicate response shift in measurement; (e) across time differences in 
explanation bias indicate response shift in explanation.  Not shown: means, variances and 
covariances of common and residual factor 
 

In regards to explanation bias (Table 2e), it was found that for both 

optimism and upward comparison, the relationships with MENT HRQoL were not 

fully explained through their relationships with health conditions. The positive 

effect of optimism on MENT HRQoL (0.30) suggests that patients with higher 

optimism scores also have higher MENT HRQoL scores. The negative effect of 

upward comparison on MENT HRQoL (-0.38) suggests that patients who compare 

themselves to people who do better have lower scores on MENT HRQoL. Both of 

these relationships were consistent across measurement occasions, therefore, we 

do not consider these biases to be response shift. Table 2d gives the explanatory 

effects of cancer site and health status on PHYS HRQoL and MENT HRQoL. To 

enable mutual comparison, these coefficients are standardized. The results 

revealed that eight of the 12 cancer site effects were insignificant (in italics in 

Table 2d). Also, the effects of health status on PHYS HRQoL were very large, and 
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the effects of health status on MENT HRQoL were much smaller but still 

substantial. After accounting for explanation bias, the modified model fitted 

closely (Model 5 RMSEA = 0.050, Table 1), and the largest modification index was 

well below the critical value of 8.8. 

 

Discussion 

In this study we found examples of measurement bias, response shift in 

measurement, and explanation bias, but no response shift in explanation. When 

investigating from the measurement perspective in Step 2, two SF-36 scales (PF 

and GH) were identified that should measure HRQoL exclusively, but actually are 

indicative of something else as well; in this example, age, sex, optimism, and 

upward comparison. In regards to response shift, the results indicate that 

patients have reconceptualized their perception of BP and GH after surgery. 

Before surgery, responses to BP and GH items reflected PHYS HRQoL only. After 

surgery, the responses are also affected by MENT HRQoL. In addition, GH scores 

were directly affected by sex, optimism, and upward comparison. Apparently, the 

GH scale is vulnerable to bias. We think that this may be because it consists of 

general, unspecific questions, leaving room for respondents to attach their own 

meaning to these items, and allowing sex, optimism, and upward comparison to 

affect the response given. 

When investigating from the conceptual perspective in Step 3, two 

instances of explanation bias were identified. These results suggest that optimism 

and upward comparison directly affect MENT HRQoL, independent of patients’ 

actual health conditions. These effects were consistent across time; therefore 

they are not referred to as response shift. 

We have confidence in our results, given the stringency of the 

procedure. However, it should be noted that the sample size of 202 patients 

might be considered small relative to the number of parameters estimated and 

statistical tests. However, we have almost 100% power to reject the hypothesis 

that the model does not fit our data (according to a power analysis based on 

RMSEA values of 0.05 and 0.10) [19]. Confidence in the results would 

nevertheless be increased if these were replicated in a new study. 
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The order of the steps presented here is necessarily hierarchical and 

must not be ignored. If the measurement model fitted in Step 1 has poor fit or an 

ambiguous interpretation the results in the following steps will have little 

meaning. The same applies for Step 2, if all measurement biases are not 

accounted for, the results in Step 3 will be unreliable. Thus said, in this particular 

study, the results did not reveal a large impact of the apparent measurement and 

explanation biases on other model parameters such as factor loadings (i.e., A/X ), 

factor means (i.e., mean [A])and regression effects (i.e., E/A). 

The detection and interpretation of bias and response shift are not 

always as straightforward as it may first appear, even when a well-fitting, 

interpretable model is found. An example of this can be found in Step 2 where 

measurement bias was found in PF as caused by age. In this example, we chose to 

allow age to have a direct effect on PF as though the measurement bias is in the 

PF scale. However, this may not be true, as the PF scale contains specific 

questions that can be answered almost objectively. There does not appear to be 

much room for individualized interpretation of the PF items, whereas the other 

SF-36 scales measuring PHYS HRQoL allow more room for subjective 

interpretation. It may therefore be more appropriate to have measurement bias 

accounted for by age effects on these scales, instead of on PF. This would result in 

another model, with the same fit, albeit less parsimonious. Here, we chose the 

model with measurement bias in the smallest number of scales, producing a 

more parsimonious model. 

The order of modifications to the model also introduces a source of 

subjective decision-making. Often in SEM there are multiple parameters with 

similar modification indices. If the researcher attends to the largest problem first, 

the second largest problem may disappear, and the other way round. Generally 

speaking, statistics alone should never be the only guide in these decisions. 

Substantive theory, the research question, and past research results should play 

the lead role in deciding how to improve the model. In addition, one should 

always explore different paths in model modification. A final model that is arrived 

at from different paths warrants confidence. 
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An issue specific to the conceptual perspective is that the distinction 

between explanatory variables and violating variables may not always be clear. In 

the absence of prior knowledge, analysis can start by handling all variables as 

potential violators and during model-fitting it can be decided which of the 

variables are explanatory and which are violator variables. However, to avoid 

unjust data exploration and chance capitalization, we strongly recommend 

researchers to have a well-defined and clear understanding of the research 

questions and hypotheses and use these to direct the definition of explanatory 

and violator variables. The list of potential violator variables, from either the 

measurement or conceptual perspective is almost endless. Again, the researcher 

must choose appropriate violator variables to the substantive research questions 

under consideration. 

There have been a number of studies investigating response shift; 

however, not all use the same definition of response shift or use the same 

detection methods. To highlight the differences in measurement and conceptual 

perspectives on response shift, different definitions were proposed for each 

perspective [1]. The current analysis applies a hierarchical procedure addressing 

each perspective separately. By focusing on one perspective at a time, insight into 

potential measurement bias, explanation bias, and response shift is facilitated. 

We hope this approach will help researchers to better understand and explain 

true change in attributes of interest. 
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Abstract 

Purpose To illustrate how structural equation modeling (SEM) can be used for 

response shift detection with random measurement occasions and health state 

operationalized as fixed group membership (Study 1) or with fixed measurement 

occasions and health state operationalized as time-varying covariates (Study 2). 

Methods In Study 1, we explored seven items of the Performance Scales 

measuring physical and mental aspects of perceived disability of 771 stable, 629 

progressive, and 1,552 relapsing MS patients. Time lags between the three 

measurements varied and were accounted for by introducing time since diagnosis 

as an exogenous variable. In Study 2, we considered the SF-12 scales measuring 

physical and mental components of HRQoL of 1,767 patients. Health state was 

accounted for by exogenous variables relapse (yes/no) and symptoms 

(worse/same/better). 

Results In Study 1, progressive and relapsing patients reported greater disability 

than stable patients but little longitudinal change. Some response shift was found 

with stable and relapsing patients. In Study 2, relapse and symptoms were 

associated with HRQoL, but no change and only little response shift was found. 

Conclusions While small response shifts were found, they had little impact on the 

evaluation of true change in performance and HRQoL. 
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Introduction 

Measurement in health research relies heavily on self-report data. Self-

report data collected in longitudinal studies are often difficult to interpret due to 

respondents’ changing standards, values, or conceptualization of the target 

construct. This phenomenon is referred to as ‘response shift’. We distinguish 

three types of response shift: (1) recalibration of respondents’ internal standards 

of measurement, (2) reprioritization of respondents’ values, and 3) 

reconceptualization of the target construct [1]. Each of these types of response 

shift can be operationalized within structural equation modeling (SEM) [2;3]. 

Several operationalizations of response shift have been proposed. 

Generally, response shift can be defined either as bias in the measurement of the 

attribute of interest or as bias in the explanation of the attribute [4]. In this paper, 

we will focus only on response shift in measurement. From this perspective, bias 

is not considered as noise but rather as systematic differences in patients’ scores 

that are no fully explained by true differences in the attribute of interest (e.g., 

health-related quality-of-life (HRQoL)), but also by differences in other variables 

(e.g., other patient expectations, adaptation). Response shift is considered as a 

measurement bias that changes with time of measurement in longitudinal 

research (see Oort et al. [2;4;5]). 

With SEM, we can detect such measurement bias with respect to time of 

measurement in longitudinal designs, group membership in multi-group designs, 

or any other exogenous variable. For example, the effects of health state on the 

course of HRQoL can be modeled by dividing the sample into healthy and non-

healthy subgroups, or by including an indicator of health state as an exogenous 

variable. If exogenous variables are included in a longitudinal model, they can be 

static (e.g., diagnosis) or they can vary across measurement occasions (e.g., 

depression scale scores). Additionally, different longitudinal structures (e.g., 

growth, autoregression) can be investigated with latent variables. 

As explained in a companion paper by Schwartz et al. [6], this paper is 

one in a series investigating response shift in multiple sclerosis (MS) patients 

using different methods. Here, we demonstrate how SEM can be used to detect 

response shift. We aim to illustrate the flexibility of SEM by investigating 
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response shift in two studies. In Study 1, we investigate the performance 

disabilities in MS patients by taking the first three measurement occasions with 

varying time lags across patients. We investigate health status by distinguishing 

between three pre-defined and known groups of MS patients (i.e. stable, 

progressive, and relapsing) and use these groups in a multi-group analysis. In 

Study 2, we investigate HRQoL in MS patients by selecting measurement 

occasions with fixed time lags. Health status is taken into account by introducing 

time-varying health status indicators as exogenous variables. In both studies, we 

will investigate change and response shift with respect to health status. 

 

Method 

Data 

Analyses in this paper utilize data from the North American Research 

Committee on Multiple Sclerosis (NARCOMS) project registry. The NARCOMS 

registry was established in 1993 to collect biannual data on MS patients’ status. 

The main aim of the registry is to make these data available for the wider 

community, in particular researchers, to increase knowledge about MS. 

 

Study 1 

Response shift in performance disability is investigated using the intake 

questionnaire and the two subsequent follow-up questionnaires. As the timing of 

the measurement occasions varies across patients, they are considered random. 

On average, the first two measurement occasions are 1.04 (SD = 0.79) years 

apart, and the second and third measurement occasions are 0.88 (SD = 0.73) 

years apart. 

 

Study 2 

In Study 2, three other measurement occasions are used. Since the 

intake survey does not include the HRQoL questionnaire, we took the first three 

measurement occasions that included the HRQoL questionnaire and that were 

evenly spaced in time (about 6 months apart). These occasions are considered as 
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fixed. On average, the first measurement occasion in this study is 3.07 (SD = 1.97) 

years from intake. 

 

Variables 

In the NARCOMS registry, a number of demographic, clinical, and 

psycho-social measures are collected. In Study 1, we investigate change and 

response shift in ‘performance disability’ as measured by the Performance Scales 

*7+. In Study 2, we investigate change and response shift in ‘HRQoL’ as measured 

by the SF-12 [8]. In both studies, we include demographic variables (age and sex) 

and clinical variables (time since diagnosis and health state). These variables are 

used to investigate additional measurement bias in the observed variables of the 

Performance Scales and the SF-12. 

Performance Disability The Performance Scales [7] originally included 

eight items. As the visual disability item was not consistently included as part of 

the NARCOMS survey, we use seven items of disability. Items were scored on a 6-

point (or 7-point in case of mobility) Likert scale (0 = Normal; 5 = Totally disabled) 

and represent performance disability with respect to mobility, hand function, 

fatigue, cognition, bladder/ bowel, sensory, and spasticity. Higher scores indicate 

greater disability. When less than three item responses were missing, values were 

imputed using the expected maximization (EM) algorithm [9]. 

HRQoL The SF-12 [8] was used to measure two components of HRQoL: 

Mental (MENT) and Physical (PHYS). Eight scales are created from the 12 items 

including physical functioning (PF), role limitations because of physical health 

(RP), bodily pain (BP), general health (GH), vitality (VT), social functioning (SF), 

role limitations because of emotional problems (RE), and mental health (MH). 

Higher scores indicate better HRQoL. The scales—not the items— are the focus of 

our analysis. When less then five subscale values were missing, values were 

imputed using the EM algorithm [9]. 

Health State In Study 1, three groups of patients with different health 

states were created based on their answers to relapse and symptom change 

questions at baseline and follow-up measurements. The three groups are defined 

as follows: ‘stable’, patients with no relapses and symptoms that remained 
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unchanged or improved; ‘progressive’, patients who relapsed and whose 

symptoms continued to get worse; ‘relapsing’, those who experienced a relapse 

but whose symptoms remained unchanged or improved. In Study 2, two items 

were used to measure health state: ‘relapse in the past 6 months’ (1 = yes, 0 = 

no/unsure) and ‘symptoms compared to 6 months ago’ (1 = much worse; 7 = 

much better). Both items were administered at each measurement occasion and 

can thus be included as time-varying covariates. 

Other Variables ‘Age’, ‘sex’, ‘newly diagnosed’, and ‘time since diagnosis’ 

are also included in the analyses. At the first measurement occasion of Study 1, 

we distinguish between patients who are newly diagnosed (diagnosis the same 

year as joining the NARCOMS registry) and patients whose diagnosis year was 

different from the year of joining NARCOMS or their diagnosis year is unknown. In 

Study 2, ‘time since diagnosis’ is treated as a continuous variable that is 

calculated as the difference between the first measurement occasion and the 

year of diagnosis. Patients with an unknown year of diagnosis are excluded. 

 

Study 1 analysis 

In both studies, the analysis has three steps: Establishing a measurement 

model (Step 1), testing invariance of model parameters across measurement 

occasions (Step 2), and testing invariance with respect to exogenous variables 

(Step 3). Each step is outlined below, with similarities and differences between 

the two studies highlighted. All analyses were carried out with LISREL 8.54. See 

Appendix 1 for a more detailed description of the methods; syntax files are 

available upon request. 

 

Step 1: Establishing a measurement model 

The Performance Scales were originally reported to measure a uni-

dimensional construct [7]. If the corresponding confirmatory factor analysis (CFA) 

model does not fit, then exploratory factor analysis is used to determine an 

alternative model, before continuing with CFA. Maximum likelihood estimation is 

used for parameter estimation. We assess the overall fit of our models with the 

chi-square test of exact fit, the root mean square error of approximation (RMSEA) 



 

 

51 

 

[12], the expected cross-validation index (ECVI) [12], the comparative fit index 

(CFI) [10], and the Tucker Lewis index (TLI) [11]. A non-significant chi-square value 

indicates good fit. However, as it is sensitive to small deviations between model 

and data, especially when sample size is large, we also consider approximate fit 

indices. RMSEA <0.08 indicates satisfactory fit; RMSEA <0.05 indicates close fit. 

ECVI cannot be used as a stand-alone index but can be used to compare 

alternative models; a smaller ECVI value indicates better model fit [12]. Finally, 

both the CFI and the TLI assess the improvement in fit from a null model that 

assumes no relationships between variables. Values of >.90 for the TLI and values 

>.95 for the CFI indicate reasonable fit of the model to data. If a new model is 

specified, the change in model fit is assessed with the chi-square difference test 

and the ECVI difference test [12]. 

 

Step 2: Testing invariance across measurement occasions 

In this step, we take the final model of Step 1 and simultaneously 

constrain all factor loadings and intercepts to be equal across measurement 

occasions and groups. Across occasion invariance (no measurement bias) of 

factor loadings and intercepts is assessed by comparing this model with the final 

model of Step 1 using the chi-square difference test. A significant result provides 

evidence for response shift. However, if the test result is not significant, we still 

investigate response shift, as a single, yet substantially important response shift 

may not cause significant deterioration in the overall model fit. 

To detect measurement bias, we examine modification indices and the 

standardized expected parameter changes (SEPC) [13]. If both are large, we 

expect significant improvement in the overall model and substantial change in 

the parameter estimate(s). As there are a large number of modification indices to 

consider, we stop investigating modification indices when none are greater than a 

Bonferroni-adjusted critical value [14] of 12.83. For SEPC, we consider [0.10 

significant [15]. The effect size [16] of possible response shifts will be evaluated in 

comparison with Cohen’s d effect sizes of observed and true change [2]. 
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Step 3: Testing invariance with respect to exogenous variables 

The first model in this step includes ‘age’, ‘sex’, ‘newly diagnosed’, ‘time 

between measurement occasions 1 and 2’, and ‘time between measurement 

occasions 2 and 3’ as additional exogenous variables. These five exogenous 

variables correlate with each other and with the common factors, but their 

relationship with the observed items should be fully explained through these 

correlations. If large modification indices and SEPCs are present, this indicates the 

presence of bias. In case of direct effects changing over time, we consider this 

measurement bias as response shift. 

 

Study 2 analysis 

In Study 2, we took the same steps as in Study 1. All analyses were carried out 

with Mx [17]. See Appendix 2 for a detailed description of the methods; syntax 

files are available upon request. 

 

Step 1: Establishing a measurement model 

The first goal is to find a satisfactory measurement model for the SF-12. 

We begin with the measurement model comprising two common factors: PHYS 

and MENT HRQoL. If this model does not fit, we use modification indices and 

standardized residuals [13;18] to identify misspecification and to develop an 

alternative model. As in Study 1, possible model modifications are assessed using 

the chi-square difference test and ECVI difference test. Overall model fit is 

assessed using the same statistics as used in Study 1. 

 

Step 2: Testing invariance across measurement occasions 

All factor loadings and intercepts of the final model of Step 1 are 

simultaneously constrained to be equal across measurement occasions, like in 

Study 1. To detect response shift, we use a different search strategy from Study 1 

where we test individual constraints. Here, we follow the procedure outlined in 

King-Kallimanis et al. [19], relying on a smaller number of global tests that free 

multiple constraints simultaneously. In this study, we use eight global tests, one 

for each observed scale. The fit of each of these eight new models is compared to 
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the fully constrained model using the chi-square difference test (at adjusted 

significance level) [14] and scaled observed parameter changes (OPC). After 

running the eight tests, the observed scale producing the largest OPC in 

combination with a significant chi-square difference test is interpreted as 

response shift. We continue iteratively, retesting the remaining scales, until no 

large OPC with a significant chi-square difference test is found. Corresponding to 

Cohen’s small effect sizes, we consider an OPC indicating a standardized 

difference of 0.1 between factor loadings or 0.2 between intercepts to be large 

[16]. 

 

Step 3: Testing invariance with respect to exogenous variables 

We extend the final model of Step 2 to include ‘age’, ‘sex’, ‘time since 

diagnosis’, ‘relapse in the past 6 months’, and ‘symptom change in the last 6 

months’ as exogenous variables. To test for response shift, we fit new models 

where we include direct effects of the exogenous variables on the observed 

scales. The impact of these direct effects is assessed with OPCs and the chi-square 

difference test. If the largest effects are significant, we leave these parameters 

free to be estimated and repeat the process until no significant improvements are 

found. Once any biases have been accounted for, this final model can be used to 

assess true change in the attribute of interest using the same formula used in 

Study 1 [2]. 

 

Results 

Study 1 results 

In the analysis of the Performance Scales items, we distinguished 

between 771 stable patients (26.1%), 629 progressive patients (21.3%), and 1,552 

relapsing patients (52.6%). See Table 1 for sample characteristics and Table 2 for 

the Performance Scales item means. 
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Table 1. Descriptive statistics for demographic variables. 
 
Variable Study 1 (n = 2,952) Study 2 (n = 1,767) 

Sex 
Male 
Female 

 
423 (14.33%) 

2,031 (68.80%) 

 
303 (17.15%) 

1,464 (82.86%) 
Age, mean (SD) 40.82 (9.35) 45.56 (9.31) 
Time since diagnosis in years, 
mean (SD) 

 
NA 

 
3.69 (2.12) 

Newly diagnosed  
Yes 
No/unknown 

 
1,054 (35.70%) 
1,898 (64.30%) 

 
NA 

Relapse 
Yes (T1) 
Yes (T2) 
Yes (T3) 

 
NA 
NA 
NA 

 
608 (34.41%) 
565 (31.98%) 
555 (31.41%) 

Symptom Change 
T1 
T2 
T3 

 
NA 
NA 
NA 

 
3.64 (1.15) 
3.61 (1.08) 
3.64 (1.04) 

Group Membership 
Stable 
Actively relapsing 
Progressing without 
relapsing 

 
771 (26.12%) 

1,552 (52.57%) 
629 (21.31%) 

 
NA 
NA 
NA 

 

 

Step 1: Establishing a measurement model 

The reported uni-dimensional structure of the Performance Scales 

yielded satisfactory fit (Table 3, Model 1.1.1). However, model fit could be 

improved upon. Exploratory factor analysis suggested a two-dimensional model, 

and in CFA this model yielded substantially better fit for the Performance Scales 

than a one-dimensional model (Table 3, 1.1.2). The two dimensions were 

interpreted as (1) Visible Disability (mobility, spasticity, bladder), describing the 

most visible and stigmatizing symptoms that may make one home bound; and (2) 

Internal Disability (hand function, fatigue, sensory, cognition), relating to an 

internal, more subjective experience. 
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Step 2: Testing measurement invariance across measurement occasions 

The equality constraints imposed in this step led to a significant 

deterioration in fit, suggesting the presence of response shift (Table 3, Model 

1.2.1). The modification indices and SEPCs suggested first removing the equality 

constraint on the intercept of ‘sensory’ for the stable group at the first 

measurement occasion (
2
diff(1) = 56.8, P <0.001) and successively the intercept 

of ‘sensory’ for the relapse group at the first measurement occasion (
2
diff(1) = 

74.2, P<0.001). No further model modifications were necessary. The ECVI 

difference tests were in agreement with these modifications (Table 3). 

As can be seen in Fig. 1a, at the second and third measurement 

occasions, the intercepts of ‘sensory’ appear to decrease for the stable (0.37–

0.18) and relapsing groups (0.37–0.18) relative to their Visible Disability (Fig. 1b). 

This response shift can be interpreted as recalibration and suggests that for these 

groups, when overall disability increases over time, specific sensory disability did 

not increase as much. 

 

Step 3: Testing measurement invariance with respect to exogenous variables 

In the final step, we used Model 1.2.2 and included additional exogenous 

variables (Table 3, Model 1.3.1). In all groups, at all occasions, we found positive 

correlations between age and both disability dimensions (see Table 4). The other 

exogenous variables, ‘sex’, ‘newly diagnosed’, ‘time between measurement 

occasions 1 and 2’, and ‘time between measurement occasions 2 and 3’ had 

correlations less than 0.1 with disability. When inspecting the SEPCs, we find that 

none were above our cut point of 0.10. Therefore, we concluded that there was 

no bias in the Performance Scales items with respect to these variables. See Fig. 

1a and Table 4 for final model estimates. 
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Table 2. Means and standard deviations for Performance Scale items (Study 1) and SF-12 scales (Study 2). 
 Study 1 – Performance Scales: Higher scores indicate more disability (n = 2,952) 

Measurement Occasions 
& Group Membership Mobility 

Hand 
Function Fatigue Cognitive 

Bladder/ 
Bowel  Sensory Spasticity 

Time 1 
Relapsing 
Progressive 
Stable 

 
1.52 (1.45) 
1.67 (1.47) 
0.82 (1.17) 

 
1.22 (1.08) 
1.02 (0.98) 
0.63 (0.86) 

 
2.58 (1.31) 
2.39 (1.26) 
1.68 (1.22) 

 
1.62 (1.19) 
1.40 (1.17) 
0.99 (1.01) 

 
1.18 (1.08) 
1.20 (1.04) 
0.72 (0.90) 

 
1.89 (1.19) 
1.65 (1.17) 
1.31 (1.03) 

 
1.51 (1.24) 
1.34 (1.22) 
0.82 (1.05) 

Time 2 
Relapsing 
Progressive 
Stable 

 
1.65 (1.50) 
1.79 (1.56) 
0.78 (1.21) 

1.25 (1.09) 
1.10 (1.05) 
0.66 (0.89) 

2.68 (1.31) 
2.45 (1.31) 
1.70 (1.25) 

1.74 (1.23) 
1.45 (1.12) 
1.02 (0.97) 

1.29 (1.15) 
1.24 (1.05) 
0.75 (0.91) 

1.83 (1.22) 
1.59 (1.13) 
1.13 (0.98) 

1.60 (1.29) 
1.48 (1.27) 
0.77 (0.96) 

Time 3 
Relapsing 
Progressive 
Stable 

 
1.75 (1.55) 
1.91 (1.67) 
0.81 (1.24) 

1.31 (1.13) 
1.16 (1.07) 
0.67 (0.88) 

2.70 (1.32) 
2.52 (1.28) 
1.63 (1.25) 

1.77 (1.21) 
1.52 (1.16) 
1.02 (1.25) 

1.37 (1.67) 
1.35 (1.10) 
0.76 (0.91) 

1.84 (1.24) 
1.65 (1.16) 
1.06 (0.96) 

1.65 (1.28) 
1.50 (1.29) 
0.82 (0.99) 

 Study 2 – SF-12: Higher scores indicate better health (n = 1,767) 

Measurement Occasions PF RF BP GH VT SF RE MH 

Time 1 6.80 (2.34) 6.26 (2.47) 5.40 (2.52) 4.30 (1.93) 3.13 (2.04) 7.17 (2.38) 7.42 (2.28) 5.87 (1.73) 
Time 2 6.86 (2.17) 6.34 (2.32) 5.41 (2.54) 4.37 (1.95) 3.16 (1.96) 7.03 (2.43) 6.98 (2.38) 5.81 (1.65) 
Time 3 6.70 (2.44) 6.23 (2.50) 5.52 (2.68) 4.32 (1.93) 3.05 (2.07) 7.13 (2.43) 7.50 (2.31) 5.92 (1.72) 

Notes: Sample sizes in Study 1 are relapsing = 1,552, progressive = 629, and stable =771.  
Abbreviations: PF – Physical Functioning, RF – Role Functioning, BP – Bodily Pain, GH – General Health, VT – Vitality, SF – Social Functioning, RE 
– Role Emotional, MH – Mental Health 
SF-12 means are sums of the items for each subscale and are not scaled to the standard 0-100 for computational convenience.  
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Table 3. Overall goodness-of-fit and chi-square difference test results for Study 1 and Study 2 
 Study 1 – Performance Scales 

Models - Study 1 
CHISQ 

(df) 
RMSEA 

(90 % conf. int.) 
ECVI 

(90 % conf. int.) 

Compa-
rison 

models 

CHISQ 
DIFF 
(df) 

p 
ECVI DIFF 

(90 % conf. 
int.) 

1.1.1 
Uni-dimensional 
measurement model 

1675.4 
(495) 

0.049 
(0.047 ; 0.052) 

0.75 
(0.71 ; 0.79) 

    

1.1.2 
2 factor measurement 
model 

899.2 
(414) 

0.035 
(0.031 ; 0.028) 

0.54 
(0.51 ; 0.57) 

    

1.2.1 

Across occasion 
constraints on factor 
loadings and 
intercepts 

1281.6 
(534) 

0.038 
(0.035 ; 0.040) 

0.59 
(0.55 ; 0.63) 

1.2.1 vs. 
1.1.2 

382.4 
(120) 

< 0.0001 
0.04 

(0.03 ; 0.07) 

1.2.2 
Sensory intercept, 
time 1 free, stable 
group 

1224.8 
(533) 

0.036 
(0.034 ; 0.039) 

0.57 
(0.51 ; 0.58) 

2.2 vs 2.1 
56.8 
(1) 

< 0.0001 
0.02 

(0.01 ; 0.03) 

1.2.3 
Sensory intercept, 
time 1 free, relapse 
group 

1150.6 
(532) 

0.034 
(0.032 ; 0.037) 

0.54 
(0.49 ; 0.56) 

2.F vs 2.2 
74.2 
(1) 

< 0.0001 
0.03 

(0.02 ; 0.04) 

1.3.1 
As Model 1.2.2 but 
with addition of 
exogenous variables 

1461.8 
(757) 

0.031 
(0.028 ; 0.033) 

0.75 
(0.69 ; 0.76) 

    

1.3.2 
Time lag restricted 
model 

1579.1 
(808) 

0.031 
(0.029 ; 0.033) 

0.76 
(0.72 ; 0.80) 

1.3.2 vs. 
1.3.1 

114.1 
(50) 

< 0.0001 
<0.01 

(-0.01 ; 0.01) 

1.3.3 
Autoregressive 
longitudinal structure 

1715.5 
(871) 

0.031 
(0.029 ; 0.034) 

0.76 
(0.69 ; 0.77) 

1.3.3 vs. 
1.3.2 

139.7  
(64) 

< 0.0001 
<0.01 

(-0.01 ; 0.01) 
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1.3.4 
Latent growth curve 
longitudinal structure 

1740.5 
(855) 

0.032 
(0.030 ; 0.035) 

0.78 
(0.71 ; 0.79) 

1.3.4 vs. 
1.3.2 

161.4 
(47) 

< 0.0001 
0.02 

(0.01 ; 0.03) 

  Study 2 – SF-12 

Models - Study 2 
CHISQ 

(df) 
RMSEA 

(90 % conf. int.) 

ECVI 
(90 % conf. 

int.) 

Compa-
rison 

models 

CHISQ 
DIFF 
(df) 

p 
ECVI DIFF 

(90 % conf. 
int.) 

2.1.1 
Measurement model 
from manual 

2305.3 
(213) 

0.076 
(0.073 ; 0.079) 

1.47 
(1.37 ; 1.55) 

    

2.1.2 
Modified 
measurement model  

1147.1 
(192) 

0.053 
(0.050 ; 0.059) 

0.80 
(0.73 ; 0.85) 

2.1.2 vs. 
2.1.1 

1158.2 
(21) 

< 0.0001 
0.63 

(0.57 ; 0.70) 

2.2.1 

Across occasion 
constraints on factor 
loadings and 
intercepts 

1303.8 
(218) 

0.053 
(0.050 ; 0.056) 

0.86 
(0.80 ; 0.93) 

2.2.1 vs. 
2.1.2 

156.7 
(26) 

< 0.0001 
0.06 

(0.04 ; 0.08) 

2.2.2 
Factor loadings and 
intercepts of RE free 

1224.8 
(214) 

0.052 
(0.049 ; 0.055) 

0.82 
(0.76 ; 0.88) 

2.2.2 vs. 
2.2.1 

79.0 
(4) 

< 0.0001 
-0.67 

(-0.70 ; -0.62) 

2.3.1 
As Model 2.2.2 but 
with addition of 
exogenous variables 

1653.7 
(376) 

0.044 
(0.042 ; 0.046) 

1.188 
(1.12 ; 1.26) 
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2.3.2 
Free direct effects of 
age on MH 

1595.8 
(373) 

0.043 
(0.041 ; 0.045) 

1.159 
(0.09 ; 1.23) 

2.3.2 vs. 
2.3.1 

58.0 
(3) 

< 0.0001 
0.03  

(0.02 ; 0.05) 

2.3.3 
Free direct effects of 
age on VT 

1555.0 
(370) 

0.043 
(0.040 ; 0.045) 

1.139 
(1.07 ; 1.21) 

2.3.3 vs. 
3.3.2 

40.8 
(3) 

< 0.0001 
0.02 

(0.01 ; 0.03 

Abbreviations: df = degrees of freedom; RMSEA = root mean square error of approximation; ECVI = expected cross-validation index. 
Notes: Study 1, n = 2,952; Study 2, n= 1,767; Chi square refers to the normal theory weighted least squares chi-square. 
Model numbers are defined as first number = study number, second number = step in which model was computed, third number = the order 
changes to the model occurred in 
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Figure 1.a Performance Scale Measurement model at one measurement occasion. Factor loadings and intercepts of Model 1.2.2. 
Abbreviations: mobi – Mobility, spas – Spasticity, blad – Bladder/Bowel, hand – Hand Function, sens – Sensory, fatig – Fatigue, cogn – Cognitive 
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For each group, the estimates of the common factor means of this final model 

(Model 1.3.2) are plotted against time in Fig. 1b and c. We see deterioration of 

progressive and relapsing patients (increasing visible disability scores) but no 

change in stable patients. There is little change within groups for internal 

disability, stable patients have the lowest internal disability means, and relapsing 

patients have the highest internal disability means. 

 

Study 1 conclusion 

Only ‘sensory disability’ showed response shift. Considering the impact of 

response shift and true change on observed change in ‘sensory disability’, we see 

that an observed change of -0.19 for stable patients is almost fully attributable to 

response shift (-0.22), leaving only 0.03 of true change. In the relapsing group, 

once we accounted for a response shift of -0.18, we see that an observed change 

of -0.06 underestimates a true change of 0.12. Still, we note that these effect 

sizes should be considered ‘‘small’’. 
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Figure 1.b. Visible Disability Mean Change by Group  
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             Figure 1.c. Internal Disability Mean Change by Group 

 
 
 
Table 4. Final Model Covariance and Residual Variance Estimates 

 
 Visible – 

T1 
Internal 
– T1 

Visible – 
T2 

Internal 
– T2 

Visible – 
T3 

Internal 
– T3 

Variance/Covar
iances 

      

Visible – T1 
Stable 
Progressive 
Relapsing 

 
1.10 
1.17 
1.52 

     

Internal – T1 
Stable 
Progressive 
Relapsing 

 
0.38 
0.35 
0.56 

 
0.52 
0.60 
0.73 

    

Visible – T2 
Stable 
Progressive 
Relapsing 

 
0.99 
1.58 
1.43 

 
0.36 
0.35 
0.56 

 
1.26 
1.98 
1.82 

   

Internal – T2 
Stable 

 
0.35 

 
0.40 

 
0.42 

 
0.47 
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Progressive 
Relapsing 

0.28 
0.50 

0.52 
0.63 

0.37 
0.65 

0.67 
0.77 

Visible – T3 
Stable 
Progressive 
Relapsing 

 
0.97 
1.65 
1.41 

 
0.34 
0.26 
0.52 

 
1.20 
2.05 
1.77 

 
0.39 
0.25 
0.58 

 
1.22 
2.29 
1.93 

 

Internal – T3 
Stable 
Progressive 
Relapsing 

 
0.32 
0.25 
0.51 

 
0.39 
0.52 
0.61 

 
0.38 
0.30 
0.64 

 
0.42 
0.61 
0.69 

 
0.40 
0.35 
0.65 

 
0.48 
0.69 
0.79 

Sex 
Stable 
Progressive 
Relapsing 

 
-0.01 
-0.09 
-0.08 

 
0.01 
<0.01 
-0.02 

 
-0.02 
-0.08 
-0.07 

 
0.01 
-0.01 
-0.01 

 
-0.03 
-0.09 
-0.08 

 
0.01 
-0.01 
-0.01 

Age 
Stable 
Progressive 
Relapsing 

 
0.32 
0.43 
0.37 

 
0.07 
0.04 
0.12 

 
0.34 
0.50 
0.43 

 
0.09 
0.02 
0.14 

 
0.35 
0.51 
0.43 

 
0.08 
0.01 
0.13 

       

Newly 
diagnosed  

-0.26 -0.12 -0.26 -0.12 -0.26 -0.12 

Time between  
T1 – T2 

  0.10 0.01 0.10 0.01 

Time between 
T2 – T3  

    0.10 0.01 

 

Residual 
Variances 

Mobil-
ity 

Spast-
icity 

Bladder
/Bowel 

Hand 
Funct-
ion 

Sensory Fatigue Cog-
nitive 

Stable        

T1 
T2 
T3 

0.27 
0.23 
0.30 

0.59 
0.45 
0.43 

0.53 
0.51 
0.51 

0.40 
0.42 
0.38 

0.61 
0.55 
0.51 

0.74 
0.80 
0.88 

0.48 
0.48 
0.51 

Progressive        

T1 
T2 
T3 

0.41 
0.44 
0.40 

0.82 
0.87 
0.81 

0.77 
0.70 
0.80 

0.60 
0.61 
0.60 

0.82 
0.72 
0.76 

0.79 
0.80 
0.80 

0.75 
0.64 
0.67 

Stable        
T1 
T2 
T3 

0.57 
0.40 
0.43 

0.83 
0.83 
0.76 

0.76 
0.79 
0.86 

0.58 
0.58 
0.61 

0.76 
0.79 
0.78 

0.77 
0.74 
0.73 

0.72 
0.73 
0.67 
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Study 2 results 

Participants were included if they had at least six of the 12 SF-12 items 

completed at three consecutive measurement occasions that were 6 (±3) months 

apart. This yielded a final sample of 1,767 patients. See Table 1 for sample 

characteristics and Table 2 for SF-12 observed scale means. 

Step 1: Establishing a measurement model 

The SF-12 PF, RP, BP, and GH scales are associated with PHYS, and VT, SF, 

RE, and MH are associated with MENT [8]. When replicating this structure, this 

model had only marginally satisfactory fit (Table 3, Model 2.1.1). Three sources of 

misfit were, at all measurement occasions, as follows: 1) covariances between 

residuals of PF and RP (
2 

diff(9) = 549.6, P<0.001), 2) covariances between 

residuals of MH and RE (
2 

diff(9) = 452.5, P<0.001), and 3) cross-loadings of VT 

on PHYS (
2 

diff(3) = 156.0.2, P<0.001). These modifications produced a 

measurement model with satisfactory fit (Table 3, Model 2.1.2). 

 

Step 2: Testing measurement invariance across measurement occasions 

The equality constraints imposed in this step led to significantly 

deteriorated fit, suggesting the presence of response shift (Table 3, Model 2.2.1). 

The global test associated with the scale RE resulted in the largest OPCs and a 

significant chi-square difference test. Therefore, the parameters associated with 

RE were free to be estimated (Fig. 2a). As can be seen in Fig. 2a, the intercept of 

RE at the second measurement occasion was lower (7.1) than at the first and 

third measurement occasions (7.4 and 7.5). This suggests that there is uniform 

recalibration for the RE scale: Patients seemed less inclined to report high RE at 

the second measurement occasion as compared to the first and third 

measurement occasions, given similar MENT HRQoL. No further response shifts 

were found.
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Figure 2.a. SF-12 Measurement model at one measurement occasion. Factor loadings and intercepts of Model 2.2.2 
Abbreviations: PF – Physical Functioning, RF – Role Functioning, BP – Bodily Pain, GH – General Health, VT – Vitality, SF – Social Functioning, RE 
– Role Emotional, MH – Mental Health
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Figure 2.b. PHYS HRQoL Mean Change  
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Figure 2.c. MENT HRQoL Mean Change  

 

Step 3: Testing measurement invariance with respect to exogenous variables 

Adding additional exogenous variables to Model 2.2.2 resulted in a 

satisfactorily fitting model (Table 3, Model 2.3.1). We found large negative 

correlations of age and relapse with PHYS and MENT and positive correlations of 

symptom change with PHYS and MENT. The correlations between sex and time 

since diagnosis and PHYS and MENT are considered very small (<0.01) (Table 5). 

With Model 2.3.1 as the comparison model, we proceeded to test for bias with 
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respect to the exogenous variables using the global tests and OPCs. Significant 

direct effects of age on MH (Model 2.3.2) were found. We also found significant 

direct effects of age on VT (Model 2.3.3). In the next iteration, no further 

significant effects were found. 

We tested whether the measurement bias in MH and VT with respect to 

age was consistent across measurement occasions. As the inclusion of equality 

constraints across measurement occasions did not worsen model fit (
2
 diff (4) = 

7.80, P = 0.099), we concluded that the bias is consistent and did not indicate 

response shift. Given the negative correlations between age and PHYS and MENT 

(Table 5), the bias on MH (0.20) and VT (0.19) with respect to age suggests that 

older patients reported better MH and VT than was expected. The estimates of 

the common factor means of this model (Model 2.3.3) did not show any change 

(Fig. 2b and c). 

 
Study 2 conclusion 

When we consider the impact of response shift and true change on 

observed change in EF, we see that the observed change of 0.23 is almost fully 

attributable to response shift (0.17), leaving only 0.06 of true change. However, 

only on the second measurement occasion, we found an indication of response 

shift in EF, which hinders substantive interpretation. So we concluded that this 

may be a chance finding. 
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Table 5. Final Model Variance/Covariances and Residual Variance Estimates  
 

 PHYS HRQoL –
T1 

MENT HRQoL 
–T1 

PHYS HRQoL –
T2 

MENT HRQoL 
–T2 

PHYS HRQoL –
T3 

MENT HRQoL 
–T3 

Variance/ Covariances       

PHYS HRQoL –T1 1      

MENT HRQoL –T1 0.87 1     

PHYS HRQoL –T2 0.87 0.78 0.94    

MENT HRQoL –T2 0.81 0.81 0.84 0.95   

PHYS HRQoL –T3 0.91 0.80 0.90 0.83 1.05  

MENT HRQoL –T3 0.77 0.78 0.77 0.81 0.91 0.98 

Sex -0.03 0.002 -0.01 -0.01 -0.02 -0.005 

Age -0.25 -0.12 -0.21 -0.13 -0.26 -0.13 

Time since diagnosis -0.04 0.02 0.01 -0.05 -0.02 -0.03 

Symptom change – T1 0.63 0.52 0.52 0.48 0.52 0.39 

Symptom change – T2 0.52 0.42 0.61 0.53 0.57 0.41 

Symptom change – T3 0.41 0.36 0.42 0.39 0.60 0.49 

Relapse – T1 -0.15 -0.15 -0.13 -0.12 -0.13 -0.12 

Relapse – T2  -0.13 -0.13 -0.15 -0.14 -0.14 -0.12 

Relapse – T3 -0.12 -0.11 -0.13 -0.11 -0.17 -0.14 
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Residual Variances         

 PF RP BP GH VT SF RE MH 

T1 
T2 
T3 

2.27 
1.99 
2.51 

1.66 
1.62 
1.60 

3.24 
3.28 
3.91 

1.68 
1.65 
1.64 

1.97 
1.82 
2.02 

1.31 
1.56 
1.62 

2.65 
2.61 
2.59 

1.76 
1.67 
1.79 

 
 

Discussion 

We have illustrated two different ways in which SEM can be used to investigate response shift. With the present data, 

we found uniform recalibration response shift in the sensory disability item of the Performance Scales (Study 1), indicating that 

stable and relapsing patients initially overestimate their sensory disability. Apparently, in comparison with their general 

performance disability, they initially worry more about their sensory disability but then become accustomed to their situation, 

whereas progressive patients continue to deteriorate in their performance disability and, as a result, do not become accustomed 

to sensory disability. In a study investigating progressive MS patients, it was shown that the presence of sensory disability led to 

an increased length of time to reach a severe level of disability [20]. In another study comparing progressive and relapsing 

patients, it was found that relapsing patients had higher initial sensory disability than progressive patients [21]. It may be 

possible that the gradual progression of disease seen in progressive patients leads to a slight worsening of sensory disability over 

time, which is difficult to become accustomed to. 
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We did not find clearly interpretable response shift in the SF-12 (Study 

2), nor did we find any change in HRQoL. However, two measurement biases that 

are not response shift, as they are constant across measurement occasions, were 

found: age on MH and age on VT. The correlations between age and PHYS and 

MENT HRQoL are negative; however, the direct effects of age on MH and VT are 

positive. This suggests that increased age affects MH and VT in a different way 

than would be expected due to the correlations between the age and the 

common factors. 

A possible explanation for the limited response shift findings is that the 

NARCOMS registry patients are not subjected to a planned intervention, so there 

is no clear catalyst of health state changes, other than self-reported relapse and 

symptoms. Therefore, the sizes of the response shifts found are small, and 

accounting for these response shifts does not cause large effects on the mean 

change in performance disability or HRQoL. Though importantly, the response 

shifts do change the interpretation of the observed changes. In Study 1 for the 

stable patients and in Study 2 for all patients, the response shift accounts for 

essentially all observed change, leaving essentially no true change. With the 

relapsing patients in Study 1, the observed change is underestimated, and after 

taking response shift into consideration, true change appears small and negative. 

These two studies highlight how SEM can be used to detect 

measurement bias under different circumstances. The steps used are hierarchical; 

however, there is the flexibility (1) to account for health state by splitting the 

sample into subsamples or by including exogenous variables, (2) to use time-

varying or time-constant exogenous variables, (3) to use different search 

strategies for detecting response shift, (4) inclusion of fixed or random 

measurement occasions and, not discussed in this paper, (5) to investigate 

different longitudinal structures like autoregressive and latent growth curve 

structures [22]. Some of these decisions are made based on the design of the 

study or sample size available, and for each decision made there are trade-offs. A 

persistent problem is that the decision of when to stop investigating 

measurement bias is relatively subjective. Because of the large number of tests to 
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consider, despite our strict criteria for what we consider response shift, we still 

need to guard against chance findings [18]. Still, SEM offers a useful statistical 

approach for response shift detection as it can be tailored to the specifics of the 

study design. 
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Appendix 1 

 

Study 1 

Step 1: Establishing a measurement model 

The Performance Scales were originally reported to be a uni-dimensional 

construct [7]. If the confirmatory factor analysis (CFA) used to assess the 

longitudinal multi-group uni-dimensional model does not fit, then exploratory 

factor analysis is used to determine an alternative model, and the fit of this model 

is assessed using CFA. 

Maximum likelihood estimation is used for parameter estimation. We 

assess the overall fit of our models with the chi-square test of exact fit, the root 

mean square error of approximation (RMSEA) [12], the expected cross-validation 

index (ECVI) [12], the comparative fit index (CFI) [10], and the Tucker Lewis index 

(TLI) [11]. Emphasis, however, is placed on the RMSEA and ECVI fit statistics as 

confidence intervals can be calculated for these fit statistics. A non-significant chi-

square value indicates good fit. As it is sensitive to small deviations between 

model and data, especially when the sample size is large, we also consider 

approximate fit indices that relax the stringent requirement on chi-square that 

the model has exact fit to the population. RMSEA <.08 indicates satisfactory fit; 

RMSEA <.05 indicates close fit. ECVI cannot be used as a stand-alone index but 

can be used to compare alternative models; a smaller ECVI value suggests better 

model fit [12]. Finally, both the CFI and the TLI assess the improvement in fit from 

a null model with no relationships assumed between variables. Values >.95 for 

the CFI and >.90 for the TLI indicate reasonable fit of the model to data. 

If a new model is specified due to misfit as indicated by modification 

indices, standardized residuals or standardized expected parameter changes 

(SEPC), then the change in overall model fit is assessed with the chi-square 

difference test and the ECVI difference test [13]. The chi-square difference test is 

used to assess whether the alternative model fit is significantly better than the fit 

of the null model. A significant result indicates that the alternative model has 

better fit than the null model. The ECVI difference is the difference between the 

ECVI values of the null and alternative models. If the confidence interval of this 
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test does not include zero, then the change is significant. The ECVI test is based 

on the chi-square test but it penalizes models containing more free parameters 

[13]. 

 

Step 2: Testing invariance across measurement occasions 

In this step, we take the final model of Step 1 and simultaneously 

constrain all factor loadings and intercepts to be equal across measurement 

occasions and groups. Across occasion invariance (lack of measurement bias) of 

the factor loadings and intercepts is assessed by comparing this model with the 

final model of Step 1 using the chi-square difference test. A significant test 

provides strong evidence that response shift is present as it is possible that the 

equality constraints imposed are not tenable. However, if the test is not 

significant, it may still be possible that one of the equality constraints is not 

tenable. Therefore, we still search for bias, as a single, yet substantially important 

response shift may not cause significant deterioration in the overall model fit. 

To detect measurement bias, we examine modification indices and 

SEPCs [13]. One prerequisite for meaningful model respecification is that large 

modification indices are substantively interpretable; however, this alone does not 

ensure a substantial change in the parameter estimate, especially in large 

samples. Therefore, we also consider the associated SEPC. If both are large, then 

there is a significant improvement in the overall model and substantial change in 

the parameter estimate. As there are a large number of modification indices to 

consider, we stop investigating modification indices when none are greater than 

12.83 [14]. This critical value has been adjusted for the number of tests in 

consideration so as to maintain a family-wise type 1 error rate of 5%. For the 

SEPCs, we consider >0.10 significant [15]. The impact of any response shift found 

is assessed by using Oort’s *2+ partitioning formula to evaluate the contribution of 

response shift and true change in terms of Cohen’s effect size d *16+. 

 

Step 3: Testing invariance with respect to exogenous variables 

Using the final model in Step 2, we now include ‘age’, ‘sex’, ‘newly 

diagnosed’, ‘time between measurement occasions 1 and 2’, and ‘time between 
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measurement occasions 2 and 3’ as additional exogenous variables. These five 

exogenous variables correlate with each other and with the common factors, but 

their relationship with the observed items should be fully explained by these 

correlations. If large modification indices and SEPCs are present between the 

exogenous variables and the observed items, this is an indication of bias and 

requires the estimation of direct effects. If the estimates of the direct effects 

change over time (i.e., cannot be constrained to be equal across measurement 

occasions), we interpret this as response shift. However, if the direct effects do 

not change over time, we consider this measurement bias. Large modification 

indices and SEPCs will be evaluated using the same criteria as outlined in Step 2. 
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Appendix 2 

 

Study 2 

Step 1: Establishing a measurement model 

The first goal is to find a satisfactory measurement model for the SF-12. 

We begin with the measurement model comprising two common factors: PHYS 

and MENT HRQoL. If this model does not fit, we use modification indices and 

standardized residuals [13;18] to identify misspecification and develop an 

alternative model. As we are evaluating the measurement model longitudinally, 

we require the same observed variables to be associated with the same common 

factors across measurement occasions. If the model is modified, the changes are 

assessed using the chi-square difference test and ECVI difference test as 

explained in Study 1. Overall model fit is assessed using the same statistics as 

used in Study 1. 

 

Step 2: Testing invariance across measurement occasions 

Using the final measurement model from Step 1, all factor loadings and 

intercepts of the final model of Step 1 are simultaneously constrained to be equal 

across measurement occasions, like in Study 1. The assessment of overall model 

fit and change in model fit compared to the final model of Step 1 are again done 

in the same way as in Study 1. 

To detect response shift, we use a different search strategy from Study 1 

where we test individual constraints. Here, we follow the procedure outlined in 

King-Kallimanis et al. [19], where all observed scales are tested with a smaller 

number of global tests that free multiple constraints simultaneously. In this study, 

we use eight global tests, one for each observed scale. That is, for each of the 

eight scales, the equality constraints on both the factor loadings and the 

intercepts at all three measurement occasions are removed. The fit of each of 

these eight new models is compared to the fully constrained model using the chi-

square difference test. The impact of freeing the parameters on the estimated 

parameter values is assessed by calculating the observed parameter changes 

(OPC). The OPCs are scaled for ease of comparison, and they are the actual 
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difference between the standardized factor loadings and intercepts of the null 

model, and the standardized factor loadings and intercepts of the altered model. 

Corresponding to Cohen’s small effect sizes, we consider an OPC indicating a 

difference of 0.1 between factor loadings or 0.2 between intercepts to be large 

[16]. We consider both values because small deviations in the observed and 

expected covariance matrix may lead to significant model improvement, but not 

substantial parameter change. 

After running the eight tests, the model specifics are checked. In 

particular, scales with OPCs that meet our criteria that are in conjunction with a 

significant chi-square difference test are considered as exhibiting response shift. 

The factor loadings and intercepts of this scale remain unconstrained, and the 

remaining scales are retested with an adjusted significance level. We continue 

iteratively retesting the remaining scales, until no large OPC with significant chi-

square difference test is found.  

Although there are fewer tests to consider when using the global tests, 

when the number of iterations increases, so does the number of tests. Therefore, 

when considering the significance of the chi-square difference test, we use a 

Bonferroni-adjusted level of significance, with the family-wise level of significance 

at 5% divided by the number of tests under consideration for this particular step 

of the analysis [14]. 

 

Step 3: Testing invariance with respect to exogenous variables 

We extend the final model of Step 2 to include ‘age’, ‘sex’, ‘time since 

diagnosis’, ‘relapse in the past 6 months’, and ‘symptom change in the last 6 

months’ as exogenous variables. We hypothesize that these variables have the 

potential to induce bias on the observed scales. These additional variables are 

free to correlate with each other and with the common factors; however, all 

direct effects between the observed scales are fixed to zero. To test for response 

shift, we fit new models where the direct effects of the exogenous variables are 

free to be estimated. For example, for ‘sex’ we fit eight new models, with the 

effect of sex on an observed scale for three measurement occasions. This results 

in three additional parameters to be estimated. The impact of these direct effects 
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is assessed with OPCs and the chi-square difference test. If the largest effects 

meet our criteria like in Step 2, we leave these parameters free to be estimated 

and start the process over again and stop when no freed direct effects meet our 

criteria. Once any biases have been accounted for, this final model can be used to 

assess true change in the attribute of interest using the same partitioning formula 

we use in Study 1. 
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Abstract 

Objective: If the assumption of measurement invariance is not tested we cannot 

be sure whether differences observed are due to true differences in health-

related quality-of-life (HRQoL), or are measurement artifacts. We aim to 

investigate this assumption in a sample of heterogeneous cancer patients, 

focusing on whether age, sex, previous treatment for cancer, and information 

regarding treatment preferences result in biased HRQoL scores.  

Methods: 155 cancer patients who were about to begin their first session of 

radiotherapy were included. HRQoL was measured using the EORTC QLQ-C30. 

Structural equation modeling was applied to assess whether there was a violation 

of the assumption of invariance.  

Results: A satisfactory single construct (Functioning HRQoL) measurement model 

was found and two violations of invariance were identified. Irrespective of 

patients’ Functioning HRQoL, older patients reported worse physical functioning 

and patients who had received treatment prior to radiotherapy reported worse 

emotional functioning than we would otherwise expect.  

Conclusions: In the present study accounting for bias lead to a substantial 

improvement in the overall fit of the model. By ignoring the bias, we would have 

concluded that the model fit was unsatisfactory. The findings underline the 

importance of investigating measurement invariance in scales designed for 

heterogeneous samples. 
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Introduction 

Many questionnaires have been developed to assess the different facets 

of cancer patients’ experiences before, during and after their treatment. For 

example, there are questionnaires to assess their satisfaction with care, their 

health-related quality-of-life (HRQoL), or their preferred communication style 

with their oncologists. When developing scales for a general cancer population or 

testing differences between groups using well established questionnaires, an 

important question to keep in mind is whether members of different groups 

assign the same meaning to our questionnaire items. In other words, if there are 

two patients with the same level of overall satisfaction will they respond to an 

observed item in the same way, or will specific characteristics, like gender or 

treatment regime, influence their response to the item. If we can show that these 

characteristics do not affect responses to observed items, then the assumption of 

measurement invariance has been met.   

The assumption of measurement invariance requires that the 

relationships between the observed items and the latent construct remain 

constant regardless of respondents’ group membership, for example, age, race or 

disease characteristics or the measurement occasion [1, 2]. If this assumption is 

violated, then the results from the cross-group comparisons of the construct may 

be incorrect. This is because mean differences should represent true differences 

in the construct of interest and not reflect anything else. For example, it may be 

that a male patient and female patient share the same underlying level of 

Physical HRQoL. However, when asked a question about carrying groceries, the 

male who does not do the shopping, may respond that he has no difficulty with 

this activity, whereas the female may indicate that she has great difficulty. The 

responses given to this grocery item are related not only to Physical HRQoL but 

also to gender roles. In this example, it is clear to see how gender roles and 

Physical HRQoL can become entangled. However, it may not always be obvious 

how patient characteristics might affect certain items. In a study by Reker and Fry 

[3], bias with respect to age was found in personal meaning measures. The 

authors concluded that bias in the Self-Transcendence Scales stemmed from 

older adults using events from the past as their frame of reference, whereas 
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younger adults used present and future events as their frame of reference. When 

developing items for a scale, this type of bias will be difficult to anticipate and 

success can only be evaluated after scale development and piloting. If invariance 

testing yields positive results, in that the measurement is invariant, we can be 

confident that our results are not distorted because of different functioning of 

the measurement as a result of group membership. Unfortunately, measurement 

invariance of self-report questionnaires is often ignored. 

Establishing that a scale has good reliability and validity does not ensure 

that the scale will not violate the assumption of invariance. The European 

Organization for Research and Treatment of Cancer (EORTC) QLQ-C30, a measure 

developed to assess HRQoL, has been well investigated and is considered to have 

excellent reliability and validity [4]. Specifically, it is a generic HRQoL measure for 

use with all cancer patients, with additional modules for specific cancer diagnosis 

(e.g., breast [5] and lung cancer [6]). Despite having excellent reliability and 

validity, the factor structure of this scale has received little attention [7;8], and 

most measurement invariance testing has been conducted using item response 

theory (IRT) [9], with the primary focus on language translation [10;11]. While 

designed for a general and therefore heterogeneous cancer population, it is 

possible that this heterogeneity will lead to a violation of measurement 

invariance. If we are interested in, for example, the influence of different 

treatment stages on HRQoL or whether information preferences lead to 

differences in HRQoL, then before we can investigate the differences we must 

check whether patients who differ concerning these variables use different 

frames of reference when answering the HRQoL items. For example, patients who 

have already received treatment for their diagnosis, may have experienced an 

unmeasured response shift [12]. This in turn could result in a shift in internal 

standards when responding to HRQoL items, whereas yet to be treated patients 

will not have experienced this phenomena. In regards to patients' information 

preferences, it is conceivable that patients with high, compared to low levels of 

information preferences, may respond to HRQoL items using a different frame of 

reference. This might be because patients who want more information often 

want this information to inform their family and friends of their treatment and 
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prognosis [13], therefore, they might have a different frame of reference towards 

social functioning. Thus, before we investigate the relationships between these 

variables and HRQoL, we need to be sure that differences in HRQoL mean the 

same thing for patients in different treatment stages or with different 

information preferences. 

Testing the assumption of measurement invariance in different 

situations and with different groups of people has been greatly facilitated by the 

development of several analytic techniques including item response theory and 

structural equation modeling (SEM)/ confirmatory factor analysis (CFA) [14]. 

Within the framework of SEM, there are three approaches available to assess 

whether the assumption of invariance holds. In cross sectional research, multi-

group CFA comparisons are the most common method for testing invariance. 

However, to conduct such an analysis, a large sample is required as the sample 

must be split by group membership. Also, if the potential violator of invariance is 

continuous, the variable must be transformed to a discrete variable to create 

multiple groups, in doing this there is a loss of information. Restricted factor 

analysis (RFA) is one alternative. The RFA specification allows for multiple groups 

to be tested simultaneously (i.e., sex and race) and continuous variables can be 

included as originally measured. These additional variables are modeled as single 

indicator exogenous variables in the RFA model and tested as possible violators of 

invariance [15;16]. The RFA model is equivalent in overall fit and yields the same 

results as the third alternative, the multiple indicator, multiple cause (MIMIC) 

model. The difference between these two models is in how the relationships 

between the exogenous variables and the common factor(s) are modeled. In the 

MIMIC model these relationships are causal and in RFA the relationships are not 

necessarily causal [17]. As we do not necessarily expect causal relationships 

between the exogenous variables and HRQoL and RFA has been shown in 

simulation studies to be a robust method [15;16], we will use RFA. 

By using the RFA approach, we can obtain further insight into the 

psychometric properties of the EORTC QLQ-C30 in a heterogeneous cancer 

sample. To achieve this we include and study simultaneously multiple variables 

that have the potential to violate the assumption of measurement invariance. 
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Therefore, the aim of this paper is to investigate whether HRQoL scales are 

invariant with respect to age, sex, previous treatment for cancer, and patients’ 

information preferences. If any of the observed scales are biased with respect to 

the exogenous variables, group comparisons in relation to the variables 

investigated will be less meaningful. So, in doing this, we aim to better 

understand the construct of HRQoL as measured in a heterogeneous cancer 

population.  

 

Methods 

Participants and procedure 

The current study constitutes a part of a larger research project, 

involving the use of several questionnaires as well as videotaping of the patients’ 

initial- and first follow-up consultation with the radiotherapist. Fifteen radiation 

oncologists of the radiotherapy department of the Academic Medical Centre in 

Amsterdam, the Netherlands, were invited to participate in the project. All 

agreed. Their consecutive newly registered patients were contacted by mail 

inviting them to participate in the study. Exclusion criteria were: 1) having 

undergone radiotherapy treatment before; 2) age < 18; 3) unable to understand 

the Dutch language, and 4) suffering cognitive limitation or cerebral malignity. 

Patients were asked for written informed consent, and were invited to fill out a 

questionnaire at home, prior to their first visit to a radiation oncologist. Non-

responding patients were asked to fill in some background variables and one item 

measuring overall information need. The study was approved by the hospital’s 

medical ethics committee. For further study details see [18;19]. 

 

Measures 

HRQoL – The Dutch language version of the European Organization for 

Research and Treatment of Cancer (EORTC) – QLQ-C30 was used to measure 

HRQoL [4]. It consists of 30 items, 15 items are used to create five subscales 

related to functioning, which include, Physical Functioning (5 items), Role 

Functioning (2 items), Emotional Functioning (4 items), Cognitive Functioning (2 

items), and Social Functioning (2 items). Two items are used to measure Global 
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Health Status. Thirteen items relate to symptoms experienced by the patient, 

seven of which are used to create three subscales, Fatigue (3 items), Nausea and 

Vomiting (2 items) and Pain (2 items). The remaining six items are single item 

symptom scales. In this paper we focus only on the multi-item scales and not the 

single item scales. Higher scores indicate better HRQoL in regards to functioning; 

higher scores indicate worse HRQoL in regards to symptoms.  

Information preference – To measure a general level of information 

preference, we used one item from the Information Styles Questionnaire [20]. 

This item asked patients to indicate their information preference concerning 

disease and treatment on a 10-point response scale, ranging from 0 (no 

information needed) to 10 (prefers to receive all available information). 

Previous Treatment – Patients’ medical records were examined to 

identify whether they had received either chemotherapy or surgery to treat the 

same cancer tumor that was being treated by radiotherapy. This information was 

dichotomized; no treatment compared to previous treatment 

(chemotherapy/surgery).   

Patient characteristics – We considered patients’ gender (0=male; 

1=female) and their age, which was treated as a continuous variable. 

    

Statistical Analysis  

To investigate measurement invariance we used a two-step procedure; 

Step 1 involved establishing a measurement model using CFA and Step 2 tested 

the assumption of invariance with respect to specific patient variables (exogenous 

variables) by extending the CFA and using RFA. Maximum likelihood estimation 

was used and all analyses were conducted using the computer program Mx 3.2 

[21].   

 

Step 1- Establishing a measurement model 

As there is no agreed upon CFA structure for the EORTC QLQ-C30, we 

aimed to find a satisfactory measurement model for the EORTC QLQ-C30 scales 

using CFA in our sample. For simplicity we focused only on the multi-item scales 

and investigate measurement invariance at the scale level. While the use of the 
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symptom scales is controversial, we aimed to include them in our measurement 

model. Therefore, we fit three measurement models, two of which included the 

symptom scales, and a third that focused solely on the functioning scales. In 

Model 1.1, all nine scales loaded on one general HRQoL common factor, Model 

1.2, all nine scales loaded on two common factors; Functioning HRQoL, which 

included the five functioning scales and the Global Health Status scale, and, 

Symptom HRQoL, which included the three symptom scales. Finally, in Model 1.3, 

the symptom scales were removed and the five functioning scales and the Global 

Health Status scale loaded on one common factor, Functioning HRQoL.  

To assess the overall goodness-of-fit of our models, the chi-square test of 

exact fit, the root mean square error of approximation (RMSEA) and expected 

cross-validation index (ECVI) were considered [22]. A non-significant chi-square 

value indicates good fit; however it is sensitive to small deviations between the 

model and data. Therefore, we also considered the RMSEA and ECVI. An RMSEA 

value of <0.08 indicates satisfactory fit and a value of <0.05 indicates close fit 

[22]. The ECVI is used to assess the fit of nested alternative models, in other 

words it cannot be used as a stand-alone index; smaller values indicate improved 

model fit [22]. In addition to these overall model fit statistics we also considered 

the standardized residuals to identify potential sources of model mis-fit and if 

required, guide appropriate model modifications. 

If a new model was specified, we investigated the change in overall 

model fit by using both the chi-square difference test and ECVI difference test. 

The chi-square difference test is the difference in chi-square values between the 

alternative and null models, if the difference is significant, the re-specification has 

improved model fit. The ECVI difference test is the difference in ECVI values for 

the alternative and null models, if the 90% confidence interval does not include 

zero, then the re-specification has improved model fit [22]. It complements the 

chi-square difference test, but it penalizes models containing more free 

parameters.  
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Step 2-Testing invariance with respect to exogenous variables 

 Using the final model from Step 1, we included all additional exogenous 

variables in the model. These included age, sex, previous treatment, and 

information preferences. These additional variables were allowed to correlate 

with the latent variable(s), but all direct effects of these variables on the observed 

scales were fixed to zero. A violation of invariance is indicated by a significant 

direct effect of an exogenous variable on an observed variable. 

In order to identify significant direct effects, a series of iterative tests 

were conducted. We fit models where the direct effect between the exogenous 

variable and the observed scale under consideration was freed. For example, 

when investigating invariance associated with sex, we fit a series of models with 

an additional parameter for the effect of sex on each one of the EORTC QLQ-C30 

scales included in the final measurement model from Step 1. This resulted in a 

series of one degree of freedom chi-square difference tests. If any of these tests 

were significant at a Bonferroni corrected significance level [23] and the observed 

parameter change (OPC) was greater than 0.1 then we considered the scale to be 

non-invariant in relation to sex. The OPCs are the difference between the 

standardized parameter in the null model (equal to zero in this example) and the 

standardized parameter estimated in the test. We rely on chi-square difference 

tests and OPCs rather than modification indices and expected parameter change 

because particularly the modification indices can be influenced by mis-

specification elsewhere in the model [24]. We used a cut-point for the OPC of 0.1, 

which was based on Cohen’s small effect sizes *25].  

 

Results 

Sample 

The questionnaire was sent to 293 eligible radiotherapy patients of 

whom 159 (54%) agreed to participate. Non-responding patients were on average 

older than the participating patients (M=66.61, SD=13.49 versus M=62.98, 

SD=12.64; p= .019); no gender differences were found. In this paper we only 

focus on assessment before their initial radiotherapy consultation. Four patients 

had missing values on treatment information and were therefore excluded from 
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further analyses, leaving 155 participants in the sample. Characteristics of the 

participating patients are given in Table 1. In Table 2 we present the correlations 

and means and standard deviations of the items included in the RFA analysis. As 

can be seen, the assumption of multivariate normality was violated, therefore the 

resulting test statistic may not have a central chi-square distribution, and the 

standard errors may not be correct [26]. However, Hoogland and Boomsma [27] 

suggest that this does not seriously bias the estimates of the model parameters.  

 

Table 1. Descriptive statistics for demographic variables of radiotherapy patients (N = 155) 
  

Variable Number (%) 

Sex - female 60 (38.71 %) 
Age (mean & SD) 62.98 (12.64) 
Previous treatment - yes 65 (41.94%) 
Information Preference (mean & SD) 8.68 (1.98) 
Cancer site  

Prostate 
Breast 
Rectal/Colorectal 
Esophageal  
Lung 
Endometrial  
Cervical  
Bladder  
Other  

 
33 (21.43%) 
24 (15.58%) 
19 (12.34%) 
16 (10.39%) 
13 (  8.44%) 
  7 (  4.55%) 
  6 (  3.90%) 
  6 (  3.90%) 
31 (20.00%) 

Note: Other cancer; e.g., gallbladder, testicular, pancreas and non-Hodgkin Lymphoma 
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Table 2. Correlations, means and standard deviations for all observed variables 
 

 PF RF EF CF SF GH Age Sex Prev. 
tx 

Info 
Pref 

PF 1.0          
RF 0.61*** 1.0         
EF 0.18* 0.36*** 1.0        
CF 0.52*** 0.49*** 0.32*** 1.0       
SF 0.59*** 0.69*** 0.36*** 0.41*** 1.0      
GH 0.54*** 0.60*** 0.43*** 0.39*** 0.54*** 1.0     
Age -0.16* 0.22** 0.16* 0.02 0.12 0.03 1.0    
Sex -0.18* -0.14 -0.13 -0.06 -0.16* -0.10 -0.25** 1.0   
Prev. 
Tx 

0.22** -0.01 -0.20* 0.13 -0.003 0.03 -
0.41*** 

0.24** 1.0  

Info 
Pref 

-0.03 -0.07 -0.01 -0.11 -0.03 0.15 -0.10 0.05 0.04 1.0 

Mean 
(SD) 

7.97 
(2.05) 

6.97 
(3.11) 

7.45 
(1.94) 

8.61 
(1.86) 

8.09 
(2.36) 

7.09 
(2.17) 

62.98 
(12.64) 

0.39 
(0.49) 

0.42 
(0.49) 

8.56 
(2.26) 

 

Step 1- Establishing a measurement model 

We tested our three possible measurement models, and found all three 

models to have unsatisfactory overall model fit (Model 1.1 ; 1.2 ; 1.3 Table 3). 

Suggested modifications via the standardized residuals for Models 1.1 and 1.2 

were difficult to interpret. Therefore, no modifications were made to these 

models. Model 1.3 included one source of misfit, a residual covariance between 

Physical Functioning and Emotional Functioning. With the inclusion of this 

additional parameter the model had satisfactory overall fit (Model 1.F, Table 3: 

Figure 1) and all factor loadings were significant. 

  

Step 2-Testing invariance with respect to exogenous variables 

 We added the exogenous variables to the final model of Step 1 (Model 2, 

Table 3). The overall fit of the new model was not satisfactory. Although the 

parameter estimates of this model cannot be trusted due to poor fit, we still 

looked at the strength of the correlations between the exogenous variables and 

Functioning HRQoL, before investigating invariance. The largest correlation 

observed in this model was between sex (-0.20) and Functioning HRQoL. The 

correlations between information preferences (-0.09), age (0.09) and previous 

treatment (0.05) were considered to be small. 
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Table 3. Overall goodness-of-fit and chi-square difference test results for EORTC QLQ-C30 
 

 Model 
CHIS

Q 
(df) 

 
p-value 

RMSEA 
(90 % conf. 

int.) 

ECVI 
(90 % conf. 

int.) 

Compar-
ison 

models 

CHISQ 
DIFF (df) 

p-value 
ECVI DIFF 

(90 % conf. 
int.) 

1.1 
Measurement 
model 1 

58.0 
(27) 

<0.001 0.086 
(0.056; 0.120) 

0.610 
(0.499 ; 0.780)  

    

1.2 
Measurement 
model 2 

57.74 
(26) 

<0.001 0.089 
(0.058 ; 0.120) 

0.621 
(0.501 ; 0.790) 

    

1.3 
Measurement 
model 3 

28.1 
(9) 

0.001 0.100 
(0.053 ; 0.150) 

0.317 
(0.247 ; 0.440) 

    

1.F 
Final measurement 
model 

14.7 
(8) 

0.064 0.072 
(0.000 ; 0.131) 

0.270 
(0.231 ; 0.368) 

1.F vs. 
1.3  

13.3 
(1) 

0.0003 
0.073 

(0.018 ; 0.178) 

2 
Addition of 
exogenous variables 

76.9 
(28) 

<0.001 0.107 
(0.078 ; 0.135) 

0.877 
(0.729 ; 1.079) 

    

2.1 
Age and Physical 
Functioning 

50.3 
(27) 

0.004 0.075 
(0.041 ; 0.107) 

0.718 
(0.612 ; 0.879) 

2.1 vs. 2 
26.6 
(1) 

<0.001 
0.159 

(0.070 ; 0.299) 

2.F 
Previous Treatment 
and Emotional 
Functioning  

42.3 
(26) 

0.023 
0.064 

(0.024 ; 0.098) 
0.680 

(0.589 ; 0.827) 
2.F vs. 

2.1 
8.0 
(1) 

0.005 
0.038 

(0.001 ; 0.127) 

2.3 
Information 
Preferences and 
Global Health Status 

36.1 
(25) 

0.070 
0.054 

(0.000 ; 0.090) 
0.654 

(0.594 ; 0.778) 
2.F vs. 

2.3  
6.2 
(1) 

0.013 
0.026 

(-0.003 ; 
0.1074) 

Abbreviations: df = degrees of freedom; RMSEA = root mean square error of approximation; ECVI = expected cross-validation index
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. 

 

 
Figure 1. EORTC QLQ-C30 Restricted Factor Analysis Model: Standardized Parameter 
Estimates From Model 2.F 
Note: PF = physical functioning, RF = role functioning, EF = emotional functioning CF = 
cognitive functioning SF = social functioning and GH = global health status  

 

 In the series of tests investigating invariance, two violations of invariance 

were identified as the OPC was greater than 0.1, and both the chi-square 

difference test and ECVI difference tests were significant. The first significant 

direct effect was with age on Physical Functioning (Model 2.1). The next and last 

significant direct effect identified was with previous treatment on Emotional 

Functioning (Model 2.F). After this iteration, the next largest direct effect was of 

information preferences on Global Health status (Model 2.3). The OPC was 

greater than 0.1 (-0.15); however, both the chi-square difference test (according 

to Bonferroni adjustment) and ECVI difference test were not significant, therefore 

this direct effect was not included in the final model.  

 After the inclusion of these two direct effects, the overall fit of the 

model was satisfactory (Model 2.F, Table 3, final parameter estimates Table 4). We 
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re-examined the correlations between the exogenous variables and Functioning 

HRQoL to investigate the impact the inclusion of the additional direct effects had 

on the correlations. The correlations between age, gender, and information 

preferences and Functioning HRQoL increased. The largest increase was between 

age and Functioning HRQoL, the correlation increased from 0.09 to 0.17. There 

were slight increases in the correlations between gender and Functioning HRQoL 

(-0.20 to -0.22) and between information preferences and Functioning HRQoL (-

0.09 to -0.10). There was no change in the correlation between previous 

treatment and Functioning HRQoL (0.05). See Figure 1 for all final model 

parameter estimates.  

 
Table 4. Model 2.F unstandardized parameter estimates 
 

Observed Variable Unstandardized 
Loadings (95% CI) 

PF 1.68 (1.41 ; 1.99) 
RF 2.60 (2.19 ; 3.04) 
EF 0.96 (0.66 ; 1.28) 
CF 1.11 (0.84 ; 1.41) 
SF 1.82 (1.51 ; 2.17) 
GH 1.52 (1.23 ; 1.86) 

Direct Effects 

Age on PF -0.68 (-1.36 ; -0.01) 
Prev. Tx on EF -0.61 (-1.22 ; -0.002) 

 

We can now interpret how the two direct effects impact the observed 

scales (PF and EF) in relation to the correlations between age and previous 

treatment and Functioning HRQoL. The direct effect of age on Physical 

Functioning is negative (-0.30) and suggests that older patients report worse PF 

than would be expected given there is a weak positive correlation between age 

and Functioning HRQoL. The direct effect of  previous treatment on Emotional 

Functioning is also negative (-0.20) and suggests patients who have previously 

received treatment related to their current diagnosis report worse Emotional 

Functioning than would be expected given there is almost no relationship 

between previous treatment and Functioning HRQoL. 
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Discussion 

In this study, we investigated the assumption of measurement invariance 

for the EORTC QLQ-C30 in a heterogeneous population of cancer patients who 

were about to begin their first session of radiotherapy. Applying RFA, we 

investigated age, sex, previous treatment for cancer, and information preferences 

regarding treatment as potential violators of invariance. Two violations were 

identified in Physical Functioning with regards to age and in Emotional 

Functioning with regards to previous treatment.   

In the first step, we were able to fit a measurement model to the EORTC 

QLQ-C30 that had satisfactory fit. Our final measurement model did not include 

any of the symptoms scales of the EORTC QLQ-C30. However, Fayers & Hand have 

argued that these symptom scales should not be used as manifestations of 

underlying HRQoL but rather as manifestations of treatment [28]. This is because 

one would expect a different factor structure for symptoms dependent on the 

type of treatment the patient was undergoing. While this substantive debate is 

beyond the scope of this paper, in the current sample, the patients are in 

different stages of treatment, and this may explain why the inclusion of symptom 

scales did not lead to a satisfactory model. Once we identified a satisfactory 

measurement model we were then able to investigate invariance in the EORTC 

QLQ-C30, therefore, it was in Step 2, that we identified the two violations of 

invariance.  

The direct effect between age and Physical Functioning suggested that if 

younger and older patients had the same underlying Functioning HRQoL, older 

patients reported their Physical Functioning to be worse than younger patients. 

This result was found in another study where measurement invariance was 

investigated in regards to the SF-36 [29] (HRQoL measure) in a sample of cancer 

patients [30]. The authors suggested that because Physical Functioning is the 

most objective HRQoL scale, leaving little room for individualized interpretation, 

it is conceivable that it is the other scales that are biased because there is more 

room for subjective interpretation. An alternative model could be fitted that 

allowed direct effects between age and the other scales, excluding Physical 
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Functioning; however this model would include many additional parameters and 

as a result be less parsimonious. Therefore, we opt for parsimony and the model 

with least instances of measurement bias. As a result of our finding, care should 

be taken when making age comparisons with any of the EORTC QLQ-C30 scales 

and age. Recently, the EORTC QLQ-ELD15 [31] was developed specifically for 

older adults, though it is ideal to have observed variables that are invariant to the 

effects of age.  

The direct effect between previous treatment and Emotional Functioning 

was also negative. In other words, radiotherapy patients who had undergone a 

previous treatment (chemotherapy/surgery) evaluated their Emotional 

Functioning worse than those who did not undergo treatment before starting 

radiotherapy, even when their underlying Functioning HRQoL was similar. The 

different interpretation of Emotional Functioning might be due to resource 

depletion [32]. According to resource models, self-regulatory resources can be 

depleted or fatigued by self-regulatory demands. Muraven et al. [33] found that 

one route to self-regulatory failure is prior self-regulatory activities. In their 

laboratory studies, participants who were asked to employ a form of self-

regulation (e.g., mental control or regulation of emotional expression) were less 

able to self-regulate after that (see also [34]). Previous treatment can be 

regarded as a prior self-regulatory effort, where emotions needed to be 

regulated. To undergo more treatment might decrease Emotional Functioning, 

because regulatory resources are depleted. This depletion may result in a 

different frame of reference in regards to Emotional Functioning for patients who 

have already undergone treatment. Interestingly, the latent construct of 

Functioning HRQoL was not reliant on self-regulatory efforts as evidenced by the 

very small relationship between previous treatment and Functioning HRQoL. To 

better understand this relationship more research with longitudinal data is 

needed.  

Previous research has shown that the EORTC QLQ-C30 has excellent 

psychometric properties [35] and is used extensively to assess HRQoL [36-38]. For 

the aim of our study to investigate invariance, we believe the model we used was 

a good representation of the functioning scales of the EORTC QLQ-C30. The two 
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instances of non-invariance detected do not suggest that Physical Functioning 

and Emotional Functioning are not valid indicators of Functioning HRQoL, but 

rather that care should be taken when using the functioning scales to compare 

younger and older adults and patients at different stages of treatment. While our 

sample size was small, and therefore limits generalization, the direct effect 

between age and Physical Functioning has been identified in previous research, 

indicating that it is certainly worth further investigation in a longitudinal study. In 

addition to this, it would be worthwhile to also consider invariance of the EORTC 

QLQ-C30 with respect to different cancer diagnoses, different treatment regimes, 

and different stages of cancer. Focusing on these specific variables would lead to 

greater confidence when comparing differences in HRQoL in relation to these 

variables.  

Accounting for violations to the assumption of measurement invariance 

in our study lead to a significant improvement in overall model fit. While the 

inclusion of patient characteristic variables to our model initially resulted in a 

model where the estimates could not be confidently interpreted, after the 

inclusion of direct effects accounting for bias our model fit was satisfactory and 

conclusions regarding the model could be drawn. It is important to note that a 

single violation of invariance may not be enough to cause unsatisfactory model 

fit, but could have a substantial impact on the conclusions drawn. In other words, 

if the assumption of measurement invariance is ignored the researcher cannot be 

sure whether differences observed are related to true differences in HRQoL, or 

whether these differences are related to how patients interpret the HRQoL items. 
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Abstract  

This study examined the assumption of measurement invariance of the SAMSHA 

Mental Health and Alcohol Abuse Stigma Assessment. This is necessary to make 

valid comparisons across time and groups. The data come from the Primary Care 

Research in Substance Abuse and Mental Health for Elderly trial, a longitudinal 

multisite, randomized trial examining two modes of care (Referral and 

Integrated). A sample of 1,198 adults over the age of 65 who screened positive 

for depression, anxiety, and/or at-risk drinking was used. Structural equation 

modeling was used to assess measurement invariance in a two-factor 

measurement model (Perceived Stigma, Comfort Level). Irrespective of their 

stigma level, one bias indicated that with time, respondents find it easier to 

acknowledge that it is difficult to start treatment if others know they are in 

treatment. Other biases indicated that sex, mental quality of life and the subject 

of stigma had undue influence on respondents’ feeling people would think 

differently of them if they received treatment and on respondents’ comfort in 

talking to a mental health provider. Still, in the present study, these biases in 

response behavior had little effect on the evaluation of group differences and 

changes in stigma. Stigma decreased for patients of both the Referral and 

Integrated care groups. 
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Introduction 

Perceived stigma can be a problem for individuals of all ages with behavioral 

health problems. Research focused on older adults has found that older patients 

are often reluctant to discuss their behavioral health problems with a health care 

provider. As with individuals in other age groups, some older adults may reject 

the diagnosis of depression or another behavioral health disorder due to the 

stigma attached to it. A psychiatric diagnosis may spark concerns of a potential 

loss of independence and fears of being institutionalized [1]. The problem of 

stigma not only affects the identification of behavioral problems in older adults, 

but treatment adherence as well. Greater perceived stigma toward individuals 

with behavioral health problems is associated with a greater likelihood of 

treatment discontinuation [2]. 

In 1963, Goffman defined stigma as an “attribute that is deeply 

discrediting” and reduces the bearer “from a whole and usual person to a tainted, 

discounted one” (as cited in Bambauer and Prigerson [3]. Perceived or self stigma 

is the belief that most people will devalue and discriminate against individuals 

who use behavioral health services or who have a behavioral health disorder [4]. 

Factors that have been found to be associated with stigma include, sex, with 

males being more prone to the negative aspects of stigma [5], though it is 

possible that females are more prone to feelings of stigma in relation to alcohol 

use/abuse [6]. Ethnicity and race are associated with stigma though 

understudied. There is evidence to suggest in relation to stigma associated with 

alcohol use disorder that perceived stigma is higher for non-White compared with 

non-Hispanic white race/ethnicity [7] and in another study compared to Whites, 

higher for Blacks, and highest for Asians and Hispanics [8]. Aside from background 

characteristics, there exists a relationship between stigma and quality of life, 

where respondents with lower quality of life experience greater perceived stigma 

[9]. 

Specifically, the stigma surrounding behavioral health care has been 

widely studied in younger populations. Less, however, is known about the impact 

of stigma on the health care utilization of older adults. The general topic of stigma 

and the negative outcomes associated with it has received more attention in the 
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past decade following the 1999 Surgeon General’s Report on mental health. This 

report states that stigma is the most formidable obstacle to further progress in 

the field of mental illness [10]. In 2003, the World Health Organization (WHO) and 

the Old Age Psychiatry section of the World Psychiatric Association (WPA) jointly 

distributed a technical consensus paper on the problem of stigma and 

discrimination against older adults with mental disorders. This report called for 

further research in the area [11]. 

Despite the call for further research, few instruments to measure stigma, 

specifically with older adults, have been developed. One questionnaire does 

exists, however it focuses on bereaved older adults [3]. Currently, there is no 

general stigma questionnaire for older adults. In light of findings that older adults 

in need of behavioral health services are acutely affected by perceived stigma, 

measures developed specifically for this population would be of great use in 

understanding the problem of perceived stigma. In response to this shortcoming, 

the research group associated with the Primary Care Research in Substance 

Abuse and Mental Health for Elderly (PRISME) study with funding from substance 

abuse and mental health services administration (SAMHSA) developed the 

SAMHSA Mental Health and Alcohol Abuse Stigma Assessment (see Table 1). With 

older adults in mind, this measure was designed to assess two attributes of 

stigma: stigma towards mental illness and stigma toward related services, though 

it is general in nature and could be used with any age sample with appropriate 

validation. This new SAMHSA Stigma Assessment has been assessed for reliability 

and validity, but has not undergone any extensive psychometric testing. 

To make comparisons of stigma between groups or change in stigma 

over time, it is import to test whether the questionnaire and items meet the 

assumption of measurement invariance. When testing this assumption we can 

use time or group membership as possible violators of this assumption. The 

assumption of invariance requires that the relationships between the observed 

items and the latent attribute (theoretical construct) remain constant across 

measurement occasions or groups. In other words, two people with the same 

level of, say stigma, have the same probability of responding a certain way to the 

items of the questionnaire, and knowing what group or measurement occasion 
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they are from has no affect on this probability. If this assumption is violated and 

measurement bias present, comparisons may be invalid regardless of whether 

the scale has a high Chronbach’s alpha or reliability [12;13]. 

 

Table 1. SAMHSA Mental Health and Alcohol Use Stigma Assessment Items 

 
“Some people consider a mental health or an alcohol problem a mark of shame, and 
others do not. We are trying to find out what older persons feel about this issue. The next 
few questions ask how you would react if you had to deal with such a problem.” 
 

Item 1.  Would you be embarrassed or ashamed if you had a mental health problem? 

Item 2. Would you be embarrassed or ashamed if you had an alcohol abuse problem? 

NOTE: If stigma exists (“Not Very” or above) for only mental health or only alcohol, ask 
remaining questions accordingly. 

Item 3. Do you think people around you would think differently of you if you received 
mental health or alcohol abuse treatment? 

Item 4. Would it be difficult for you to start mental health or alcohol abuse treatment 
if other people knew that you were going to be in treatment? 

Item 5. How comfortable would you be talking about your mental health or alcohol 
abuse problems with your primary care doctor? 

Item 6. How comfortable would you be talking about your mental health or alcohol 
abuse problems with a counselor or mental health professional? 

Item 7. Would it be difficult for you to obtain treatment for a mental health or 
alcohol abuse problem in a setting that was clearly identified as a mental 
health clinic or alcohol treatment center? 

 

Different statistical methods are available for testing the assumption of 

invariance with respect to group membership, time, and other violating variables. 

The method we chose is confirmatory factor analysis (CFA). With CFA we can test 

the structure of the items in relation to the latent attributes and also test if the 

items are invariant across groups or time. If the results suggest that the 

assumption of measurement invariance holds, that is, the items are only 

measuring the attribute of stigma and are not influenced by group specific 
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attributes or changing respondents’ response patterns, then the latent means can 

be confidently compared for true differences or change. There is a large body of 

literature that has investigated invariance with respect to multiple-groups 

[14;15]. Longitudinal invariance, on the other hand has received less attention. 

Response shift is one definition for describing a violation of invariance in 

longitudinal data [16;17]. In general, response shift can be thought of as a special 

case of measurement bias (non-invariance) that can occur when investigating 

change within an attribute of interest [18;19]. A researcher investigating response 

shift might expect some items of the measurement instrument to be biased, 

especially when a catalyst between measurement occasions occurs for all 

respondents (for example, treatment or planned intervention) that is expect to 

cause change. 

In the current study we compared the latent means of stigma across 

three measurement occasions and two treatment groups. Such comparisons are 

only valid and meaningful if the assumption of measurement invariance is met. To 

investigate this assumption, and assess whether the psychometric properties of 

the Stigma Assessment are invariant over time and across treatment groups we 

follow the procedure presented in King-Kallimanis, et al. [20]. This procedure has 

previously only been applied to longitudinal data, in the current study we extend 

the methodology by testing for measurement invariance across both time and 

groups. We do not expect to meet the assumption of invariance given that 

respondents are exposed to a catalyst in the form of treatment. The implication 

of this expectation is that results associated with mean differences could be 

incorrect. To circumvent incorrect conclusions, we will illustrate how a violation 

of this assumption can be overcome and meaningful comparisons of stigma can 

be made and highlight any differences in conclusions had invariance not been 

tested. 

 

Method 

The data used in this study are from the larger Primary Care Research in 

Substance Abuse and Mental Health for Elderly (PRISM-E) study. PRISM-E was a 

multi-site, randomized, comparative trial examining two models of care for 
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persons aged 65 and older with symptoms of depression, anxiety, and at-risk 

drinking. Participants randomized into the integrated behavioral health care 

group received behavioral health services located in the same practice as their 

primary care physician. Participants randomized into the enhanced referral care 

group received behavioral health services at a specialty behavioral health clinic 

that was geographically separate from their primary care provider [21]. 

 

Measures 

SAMHSA Mental Health and Alcohol Abuse Stigma Assessment The 

questionnaire contains seven items with a five-point response scale with options 

ranging from “Not at all” to “Extremely”; an additional response option is 

included to allow patients to respond “Don’t know/Refused” (see Table 1). The 

scale requires administration by an interviewer as the scale utilizes gateway 

items. That is, the first two items determine the wording of the following five 

items, and these items focus on the subject of stigma, namely mental health 

stigma only, alcohol abuse stigma only or both. Two items are reversed scores, so 

that higher scores are indicative of greater stigma. Limited psychometric 

information on the Stigma Assessment exists. This is the only published article 

based on PRISM-E that uses the full Stigma Assessment. 

Diagnosis Participants were assessed at all measurement occasions for 

symptoms of depression, anxiety, and at-risk drinking using a variety of measures 

(for further details see [21]). Anxiety symptoms were assessed using the MINI 

Panic Disorder Scale, MINI Generalized Anxiety Scale [22], and the Beck Anxiety 

Inventory [23]; for depression symptoms the MINI Major Depression Scale, MINI 

Dysthymia Scale, MINI Depression History Scale [22], and the Center for 

Epidemiological Studies Depression Scale (CES-D) [24] were used; and for at-risk 

drinking The Short Michigan Alcoholism Screening Test – Geriatric Version [25] 

were used. In our analysis diagnosis was dichotomized into two variables: mental 

health symptoms (yes/no) and at-risk drinking (yes/no) and only baseline 

information was included. 

Health Related Quality of Life – The Medical Outcomes Study SF-36 This 

questionnaire is comprised 36 items that can be summed into the mental health 
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quality of life (MENT HRQoL) and the physical health quality of life (PHYS HRQoL) 

component scores. These scores range from 0–100, with higher scores indicating 

higher levels of quality of life. The SF-36 is a well validated scale with good 

psychometric properties [26]. 

Background Characteristics Age, sex, education and race are included in 

the analysis. Education was categorized into three groups, ‘less than high school’, 

‘high school’ and ‘more than high school’. Race was also categorized into three 

groups, ‘White’, ‘Black’ and ‘Other’. Other is not tested in relation to 

measurement invariance due to the diversity of this category, it is included so as 

not to lose power. 

 

Sample 

The final PRISM-E study group comprised 2,022 participants aged 65 or 

older, with a baseline measurement and three follow-up measurements (3, 6 and 

12 months from baseline). In the current analysis we do not investigate the 

measurement occasion at 12 months as the Stigma Assessment was not included 

in the research protocol for that assessment period. We excluded participants 

who missed an interview (n=539) or had a missing mental health symptoms or at-

risk drinking information (n=58), age, or gender. Patients’ with missing data on 

items 1 and 2 of the Stigma Assessment were also excluded as these items 

determined the wording of items 3–7 (n=527). When partial data were present on 

the SF-36 or items 3–7 of the Stigma Assessment, or a “Don’t know/refused” 

response was present, the values were imputed using the expected maximization 

procedure available in SPSS. These exclusions resulted in a final sample of 1,198 

patients.  

The final sample was predominately male (75.39%) due to increased 

participation from Veteran Affairs facilities, and had a mean age of 73.16 (±6.07). 

Over three quarters (77.22%) of the sample reported mental health symptoms, a 

third with at-risk drinking (30.65%). Only, 7.87% of the sample experienced both 

symptoms of mental health and at-risk drinking (see Table 2). 
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Table 2. Descriptive statistics for respondent characteristics 

 
 Integrated Care 

Model 
(n = 594) 

Referral Care 
Model 
(n = 604) 

Total 
 
(n = 1,198) 

Age (M  (SD)) 73.20 (+ 6.16) 73.13 (+ 5.99) 73.16 (+ 6.07) 
Gender (female) 146 (24.58%) 148 (24.50%) 294 (24.54%) 
Race 
  White 
  Black  
  Other 

 
327 (55.05%) 
140 (23.57%) 
127 (21.38%) 

 
334 (55.30%) 
145 (24.01%) 
125 (20.70%) 

 
661 (55.18%) 
285 (23.79%) 
252 (21.04%) 

Education 
  Less than High School 
  High School 
  More than High School 

 
248 (41.75%) 
135 (22.73%) 
211 (35.52%) 

 
247 (40.89%) 
124 (20.53%) 
233 (38.58%) 

 
495 (14.32%) 
259 (21.62%) 
233 (38.58%) 

MH Symptoms (yes) 460 (77.44%) 464 (76.82%) 932 (77.22%) 
At-Risk Drinking (yes) 182 (30.64%) 185 (30.63%) 370 (30.65%) 
SF-36 - Physical Component Score 
(M  (SD)) 

39.63 (+ 10.92) 39.12 (+10.22) 39.37 (+10.57) 

SF-36 - Mental Component Score 
(M  (SD)) 

42.95 (+13.04) 41.56 (+ 13.15) 42.25 (+ 13.11) 

Embarrassed / ashamed if you had 
a mental health problem (BL) 

332 (55.89 %) 330 (54.64 %) 667 (55.26%) 

Embarrassed / ashamed if you had 
a alcohol abuse problem (BL) 

391 (65.82%) 384 (63.58%) 782 (64.79%) 

Embarrassed / ashamed if you had 
a mental health problem (3mth) 

295 (49.66%) 284 (47.02%) 579 (48.33%) 

Embarrassed / ashamed if you had 
a alcohol abuse problem (3mth) 

369 (62.12%) 340 (56.29%) 709 (59.18%) 

Embarrassed / ashamed if you had 
a mental health problem (6mth) 

269 (44.44%) 266 (44.04%) 530 (44.24%) 

Embarrassed / ashamed if you had 
a alcohol abuse problem (6mth) 

327 (55.05%) 306 (50.66%) 633 (52.84%) 

 

Statistical Analysis 

The analysis is an application of methods presented in King-Kallimanis et 

al. [20]. However, we extend these methods to include not only the longitudinal 

data structure, which includes three measurement occasions, but also multiple 

groups, the integrated behavioral health care group and the enhanced referral 

care group. 
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This procedure follows three main steps that require fitting a series of 

structural equation models (SEM) and assessing their fit. To achieve this, the 

maximum likelihood estimation method is used, while the items are not 

continuous, previous work suggests that with a 5 point Likert scale, estimates will 

not be too affected [27]. Three goodness-of-fit statistics are used to assess the 

model, the chi-square test of exact fit, the root mean square error of 

approximation (RMSEA) and the expected cross validation index (ECVI). A non-

significant value of the chi-square test indicates good model fit; however the test 

is sensitive to small deviations between the data and the model. Therefore, we 

also consider the RMSEA, where as a rule of thumb, values of less than .05 

suggest close fit and values less than .08 suggest satisfactory fit [28]. And also the 

ECVI, which is not a stand alone index, but can be used when comparing nested 

models, as we do in our paper. A smaller value suggests improved overall model 

fit [28]. 

To assess the appropriateness and significance of changes made to the 

model we use the chi-square difference test, with a Bonferroni correction, which 

tests the difference in the fit of the null and alternative models. When using the 

chi-square difference test to assess the invariance of the items, we use global 

tests, where all factor loadings and intercepts of the items are simultaneously 

tested [20]. In the presence of a high level of power an additional method is 

required to assess the significance of model modifications. We therefore consider 

standardized observed parameter changes (OPC) as a means to guard against 

chance findings in Step 2 and Step 3 of the procedure. The OPC is the difference 

between the standardized parameter of interest (factor loading or intercept) in 

the null model versus the same standardized parameter in the alternative model. 

These are scaled for comparison, when a factor loading OPC is greater than 0.1 or 

an intercept OPC is greater than 0.2 [29] and the chi-square difference test is 

significant we consider the parameter possibly biased. All analyses are conducted 

using Mx32 [30]. 
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Procedure 

Step 1: Establishing a measurement model. 

SEM was used to fit an appropriate confirmatory factor model using two 

(integrated behavioral health care and enhanced referral care) 

variance/covariance matrices for the five items of the Stigma Assessment scale at 

three measurement occasions. For both groups and all measurement occasions 

the same factors and pattern of factor loadings were modeled and all parameters 

were free to be estimated. To assess areas of misfit the standardized residuals 

were investigated. Any model changes were assessed using the chi-square 

difference test. Before moving to Step 2, we required that the final model had 

satisfactory fit as determined by the goodness of fit statistics. 

 

Step 2: Testing measurement invariance across measurement occasions and 

groups. 

To test measurement invariance, the final model from Step 1 was used 

and the factor loadings and intercepts were simultaneously constrained to be 

equal at all time points and across both groups. A strong indicator of 

measurement bias is a significant deterioration in the fit of this fully constrained 

model when compared to the model where all parameters are fully estimated. 

However, if the model does not significantly deteriorate, we still investigate the 

possible presence of measurement bias. This is because one biased parameter at 

one time point, in one group may not cause significant deterioration in the overall 

model fit, yet may be substantially important. In order to investigate whether any 

observed items(s) were biased the equality constraints imposed were removed 

and assessed using a series of global tests. In the first iteration there were five 

global tests, one for each item. In the first test, the equality constraints of the 

factor loadings and intercepts of the first item are removed and the model 

compared with that of fully constrained model using the chi-square difference 

test and the OPCs. Once all five tests are conducted, if there is an item with a 

significant chi-square difference test and at least one OPC meeting our criteria, 

this item’s equality constraints are permanently removed. In the presence of 

more than one item meeting these criteria, the item associated with the largest 
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improvement in overall model fit will be considered biased. This procedure is 

continued iteratively, until no large OPCs remain that are associated with a 

significant chi-square difference test. Any biases identified will be further 

explored using the partitioning formula of Oort [18] and the size of the effects will 

be assessed using Cohen’s d effect sizes [29]. 

 

Step 3: Testing measurement invariance with respect to exogenous variables. 

Invariance, in this step, was tested by extending the final model in Step 2 

to include additional exogenous variables which may induce bias on the observed 

items. In theory the relationship between the exogenous and observed items 

should be fully explained via their relationships with the latent variable, if this 

does not hold true, bias has been found. We included the subject of stigma (Items 

1 and 2) of the Stigma Assessment at all measurement occasions, age, gender, 

race, education, mental health symptoms and at-risk drinking and the Physical 

and Mental HRQoL component scores of the SF-36. In this model these 

exogenous variables were correlated with the latent constructs, at all three 

measurement occasions, and their relationship with the observed items, should 

be explained via these correlations. 

Like in Step 2, we used global tests to investigate the presence of 

measurement bias between the exogenous variables and observed items. For 

each exogenous variable we conducted five global tests. This involved adding 

additional parameters to the model both longitudinally and for both groups. 

When all direct effects were tested, any effects producing a significant chi-square 

difference test and large OPCs were included in the model. In the presence of 

more than one effect meeting these criteria, the effect that produced the largest 

improvement to the overall model fit was included in the model. This process 

continued in an iterative manner until no more large OPCs with a significant chi-

square difference test were found. 
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Results 

Step 1: Establishing a measurement model. 

As the structure of the Stigma Assessment had not previously been 

investigated, we hypothesized two possible measurement models. A uni-

dimensional measure of stigma and, based on the content of the items, a two-

dimensional measure. We first tested the uni-dimensional model with all five 

items loading on the single latent variable of stigma (Model 1, Table 3). The chi-

square test was significant and the RMSEA also suggested poor fit. Next, we 

tested the two-dimensional model. The chi-square test was still significant but the 

RMSEA suggested satisfactory fit (Model 1.F). 

The two dimensions were defined as: 1) Perceived Stigma: which 

included items measuring level of embarrassment and the perception of a 

negative response from others regarding seeking behavioral health treatment 

and 2) Comfort Level: which included items measuring the respondents’ level of 

comfort in talking with a service provider about their own mental health or 

alcohol abuse problems. This final measurement model is depicted in Fig. 1. 

 

Step 2: Testing measurement invariance across measurement occasions and 

groups. 

In this step all factor loadings and intercepts were constrained to be 

equal across the three measurement occasions and the two groups. The fit of this 

model significantly deteriorated when compared to the unconstrained 

measurement model (χ
2
 diff(30)=83.61, p<0.001). 

When investigating bias using global tests and OPCs, we found that the 

removal of the equality constraints for Item 4 (referring to difficulty in starting 

treatment if other people knew) led to large OPCs and a significant global test 

(improvement in model fit) (χ
2
diff(10)=36.21, p<0.001). No more significant 

improvements were found. 

We conducted a post hoc analysis to see whether the bias was 

associated with time, group membership or both. The bias is considered to be 

response shift as the parameters are invariant across groups, but not across 

measurement occasions. The bias seems predominately associated with the 
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intercepts, with the intercept at each measurement occasion increasing relative 

to Perceived Stigma. This suggests that when Perceived Stigma decreases over 

time, Item 4 did not decrease as much as we would have expected, this is 

regardless of treatment groups. 

 

Step 3: Testing measurement invariance with respect to exogenous variables. 

In this step we used the final model from Step 2 and included the 

additional exogenous variables. In this model (Model 3) these twelve exogenous 

variables were correlated with the latent constructs, Perceived Stigma and 

Comfort Level at all three measurement occasions. The largest correlations were 

between both subjects of stigma (Item 1 and 2) and Perceived Stigma (range: 

0.36–0.20). There were also small negative correlations between MENT HRQoL 

and Perceived Stigma and Comfort Level. A similar correlation pattern was seen 

for PHYS HRQoL. The correlations between age, sex, education, mental health 

symptoms and at-risk drinking and the latent constructs were very small (<0.01). 

Finally, the correlations between race and both Perceived Stigma and Comfort 

Level were negative and small (range: −0.23 – −0.08). 
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Table 3. Overall goodness-of-fit and chi-square difference test (n = 1,198)  

Model  
CHISQ 

(df) 
RMSEA 

(90 % conf. int.) 

ECVI 
(90 % conf. 

int.) 

Compar-
ison 

models 

CHISQ 
DIFF 
(df) 

p 
ECVI DIFF 

(90 % conf. int.) 

1 
Uni-dimensional 
measurement model 

1451.1 
(144) 

0.123 
(0.117 ; 0.129) 

1.430 
(1.329 ; 1.536) 

    

1.F 
2 factor measurement 
model 

380.0 
(120) 

0.060 
(0.053 ; 0.067) 

0.575 
(0.529 ; 0.628) 

    

2 
Across occasion 
constraints on factor 
loadings and intercepts 

463.6 
(150) 

0.059 
(0.053 ; 0.065) 

0.594 
(0.542 ; 0.652) 

2 vs. 1.F 
83.6 
(30) 

< 0.001 
0.017 

(-0.003 ; 0.044) 

2.1 
Item 4 factor loadings and 
intercepts free 

427.4 
(140) 

0.058 
(0.052 ; 0.065) 

0.581 
(0.531 ; 0.636) 

2.1 vs. 2 
36.2 
(10) 

< 0.001 
0.012 

(-0.001 ; 0.032) 

2.F 
Item 4 treatment equal 
across groups, time varies 

430.2 
(146) 

0.057 
(0.051 ; 0.063) 

0.573 
(0.523 ; 0.638) 

2.F vs 
2.1 

2.8 
(6) 

0.833 
-0.008 

(-0.005 ; -0.002) 

3 
As Model 2.F but with 
addition of exogenous 
variables 

1270.6 
(426) 

0.058 
(0.054 ; 0.061) 

2.171 
(2.083 ; 2.266) 

    

3.1 
Item 2 on Item 3 at all time 
points 

1151.9 
(420) 

0.054 
(0.050 ; 0.058) 

2.082 
(1.999 ; 2.172) 

3.1 vs. 3 
118.7 

(6) 
< 0.001 

0.087 
(0.059 ; 0.123) 

3.2 MENT HRQoL – Item 3 
1067.4 
(414) 

0.051 
(0.048 ; 0.055) 

2.022 
(1.943 ; 2.108) 

3.2 vs. 
3.1 

84.5  
(6) 

< 0.001 
0.058 

(0.034 ; 0.090) 

3.3 MENT HRQoL – Item 6 
1010.9 
(408) 

0.050 
(0.046 ; 0.054) 

1.985 
(1.909 ; 2.069) 

3.3 vs. 
3.2 

56.5 
(6) 

< 0.001 
0.034 

(0.015 ; 0.061) 
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3.4 
Item 1 on Item 3 at all time 
points 

967.9 
(402) 

0.048 
(0.045 ; 0.052) 

1.960 
(1.886 ; 2.042) 

3.4 vs. 
3.3 

43.0 
(6) 

<0.001 
0.025 

(0.010 ; 0.047) 

3.5 Gender – Item 3 
926.9 
(396) 

0.047  
(0.043 ; 0.051) 

1.936 
(1.864 ; 2.016) 

3.5 vs. 
3.4 

41.0 
(6) 

<0.001 
0.022 

(0.008 ; 0.045) 

Abbreviations: df = degrees of freedom; conf. int. = confidence interval; RMSEA = root mean square error of approximation; ECVI = expected 
cross-validation index 

 
Using Model 3 as the reference model a total of five biases were found, four of these biases were related to Item 3 of 

the Stigma Assessment, the other bias was related to Item 6. In the sixth iteration no additional significant effects were found. 

Ad hoc analyses indicated that four of the five biases detected were constant across time and over treatment groups. The 

remaining bias was considered response shift as it was biased over time, but not across groups. The biases of Item 3 with respect 

to the two subjects of stigma (Item 1 and 2), gender and Mental HRQoL were in the same direction as the correlations and 

suggest that: people embarrassed by mental health reported greater stigma, people embarrassed by alcohol abuse reported 

greater stigma, females reported greater stigma and people with worse Mental HRQoL reported greater stigma, than would be 

expected given their “true” stigma scores (i.e., common factor scores). 

Mental HRQoL and Comfort Level, were negatively correlated, as higher scores on Comfort Level are indicative of 

greater un-comfort. The fifth bias on Item 6 with respect to Mental HRQoL was in the same direction as this correlation, and 

suggested that people with better Mental HRQoL reported less un-comfort speaking with a mental health profession than would 

be expected given their “true” Comfort Level score (see Table 4 for selected final parameter estimates). 
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Figure 1. SAMHSA Mental Health and Alcohol Abuse Stigma Assessment 
measurement model for three measurement occasions and one group.  
Note - Abbreviations – Edu. - Education; MH Sympt. – Mental health symptoms; Ment 
HRQoL – Mental health-related quality-of-life; Phys HRQoL – Physical health-related 
quality-of-life 
 

 

Measuring True Change in the Stigma Assessment 

After accounting for the bias found in Step 2 and 3 we assessed the 

impact of these biases on Perceived Stigma and Comfort Level, both between 

treatment groups and longitudinally. The effect sizes [29] of true change for the 
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biased Item 4 is small/medium, −0.29 and −0.28 for the integrated and referral 

groups. Not taking into consideration the effect of bias, we would have concluded 

that the effect size for change was of small magnitude -.18 for the integrated 

group and -.15 for the control group, however a large amount of this change is 

attributable to bias (0.11 in the integrated group and 0.12 in the referral group). 

The biases associated with the exogenous variables had little impact on their 

correlations with Perceived Stigma and Comfort Level. 

When we consider the latent means of Perceived Stigma and Comfort 

Level we see in Fig. 2a and b that there is little difference between the means of 

the original model, before bias has been accounted for, and the means after all 

biases have been included at the end of Step 3. 

 

Table 4. Selected parameter estimates for the final model after all biases were 
accounted for  

 
Stigma Assessment Intercepts 

for three 
measurement 

occasions 

Factor loadings 
Perceived Stigma 

for three 
measurement 

occasions 

Factor loadings 
Comfort Level for 

three measurement 
occasions 

Item 3 
Baseline – 6mth 

 
1.49 (1.41 ; 1.57) 

 
0.41 (0.35 ; 0.48) 

 
0 

Item 4 
Baseline  
3mth 
6mth 

 
0.89 (0.81 ; 0.98) 
0.92 (0.81 ; 1.05 
1.04 (0.92 ; 1.16) 

 
0.92 (0.82 ; 1.02) 
0.97 (0.84 ; 1.12) 
0.90(0.78 ; 1.03) 

 
0 
0 
0 

Item 5 
Baseline – 6mth 

 
1.16 (1.08 ; 1.23) 

 
0 

 
0.81 (0.75 ; 0.89) 

Item 6 
Baseline – 6mth 

 
1.23 (1.16 ; 1.31) 

 
0 

 
0.79 (0.71 ; 0.86) 

Item 7 
Baseline – 6mth 

 
1.18 (1.10 ; 1.26) 

 
0.73 (0.64 ; 0.82) 

 
0 
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Exogenous Variables  Integrated Care Referral Care 

Item 2 on Item 3 at all 
time points 

0.12 (0.08 ; 0.17) 0.12 (0.08 ; 0.17) 

MENT HRQoL – Item 3 
Baseline 
3 month 
6 month 

 
-0.20 (-0.27 ; -0.13) 
-0.14 (-0.20 ; -0.07) 
-0.24 (-0.30 ; -0.18) 

 
-0.20 (-0.24 ; -0.09) 
-0.14 (-0.20 ; -0.07) 
-0.24 (-0.30 ; -0.18) 

MENT HRQoL – Item 6 0.12 (0.08 ; 0.15) 0.12 (0.08 ; 0.15) 
Item 1 on Item 3 at all 
time points 

0.15 (0.11 ; 0.19) 0.15 (0.11 ; 0.19) 

Gender – Item 3 0.16 (0.11 ; 0.21) 0.16 (0.11 ; 0.21) 
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Figure 2.a. Perceived Stigma Mean Change by Group and Between Models. 
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Figure 2.b. Comfort Level Mean Change by Group and Between Models. 
 

Discussion 

In this study we found a measurement model that included two latent 

constructs, Perceived Stigma and Comfort Level. This suggests that the Stigma 

Assessment Scale is not uni-dimensional and therefore when considering change 

in stigma, the five items should not be summed together to make a total Stigma 

score. In addition, six biases were found when investigating measurement 

invariance in the longitudinal/multi-group data of the Stigma Assessment Scale. 

However, despite these findings, the substantive impact of accounting for these 

biases on stigma over time and across treatment groups in our analysis was small. 

In Step 2, when assessing bias with respect to measurement occasions 

and groups, we found response shift. This was found in the item assessing 

whether it would be difficult for the respondent to start treatment if others knew 

they were to have treatment. In general, overall Perceived Stigma decreased over 

the course of the study, however Item 4 did not decrease as much as we would 

have expected given the overall decrease in Perceived Stigma. Apparently, in 

comparison with their overall Perceived Stigma, respondents initially are reserved 

when answering this item. However, after treatment they feel more open to 

report their true level of stigma on this item, in other words, they have 

recalibrated the response scale anchors. The impact of this bias on substantive 
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conclusions was small. Without considering this bias, we would have erroneously 

concluded that there was small change in this item over time. After the bias was 

accounted for in this item, we actually see that there is very little true change and 

most of the observed change seen is attributable to the bias. That is, 

respondents’ stigma towards starting treatment if others knew, did not change, 

regardless of treatment group. 

When testing the assumption of measurement invariance, a limitation in 

using SEM is that we are only able to identify biased items when they are in the 

minority. Perceived Stigma is represented by three observed items; with one 

biased item, this constitutes a third of the items. Even though this is a minority it 

is still difficult to be confident that the bias observed is truly associated with Item 

4 (difficulty in starting treatment if other people knew). If a bias had been 

associated with an item measuring Comfort Level, with just two observed items, 

we would not be able to tell which of the two items were truly biased. 

In Step 3, when testing measurement invariance with respect to 

exogenous variables, we found five examples of bias. Four of these biases were 

related to Item 3 that assessed whether the respondents thought people would 

think differently of them if they received treatment. This item, which should 

primarily measure Perceived Stigma, is particularly vulnerable to bias as it is also 

significantly indicative of other respondent characteristics. This may be due to the 

very general wording of the item. The biases associated with this item are, the 

presence of stigma (mental illness and alcohol abuse), gender and Mental HRQoL. 

The effect of Mental HRQoL was in the same direction for both groups, but was 

significantly larger in the integrated care group. The other bias was associated 

with the comfort the respondent feels in talking with a mental health counselor. 

Respondents with better Mental HRQoL reported greater comfort speaking with a 

mental health professional than those with low Mental HRQoL, even if their 

Comfort Levels are similar. 

As discussed above the biases found were interpretable; however, 

accounting for these biases had little impact on the interpretation of the final 

results of the Stigma Assessment in this example. Comfort Level did not differ 

significantly between treatment groups or significantly change across 
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measurement occasions. Perceived Stigma declined over the course of treatment 

in both groups. The rate of change was not significantly different between 

treatment groups; however, there was a significant decrease over the course of 

treatment. As it turns out stigma may be more difficult to change than has been 

previously thought. After the Surgeon General’s report on stigma [10] there was a 

strong public relations effort to inform the public about the underlying 

neurobiology of mental illnesses. In a study that assessed the effect of this 

campaign on stigma the authors found that while there was a greater 

understanding of the neurobiology of mental illness, stigma towards mental 

illness and substance dependence went unchanged [31]. Stigma towards mental 

illness is resistant to change, in the current study, the integration of care into 

primary care practice had little impact on the stigma the participants felt. 

While a satisfactory measurement model was found, it required two 

factors, Perceived Stigma and Comfort Level. With just five items assessing stigma 

we maybe missing other import conceptualizations of stigma. In a review of 

general stigma measurements, Link and colleagues [32], point out the numerous 

components of stigma and the instruments that have already been designed to 

assess these. In the absence of an elder specific measure of stigma it may be 

advantageous to adapt one of the more comprehensive measures than to further 

pursue the Stigma Assessment as a specific elder measurement of stigma. 

In addition to problem of missing constructs within the Stigma 

Assessment, there is also the problem of the use of Items 1 and 2 to determine 

the wording of the remaining items. Questionnaires employing such devices 

always require the questionnaire to be administered by a research assistant and 

require a strict administration protocol so as not to introduce interviewer bias. In 

this analysis we found bias associated with both these items and one of the items 

associated with Perceived Stigma. The items seem to induce bias, in future elder 

specific stigma scales, items could be included that pertain to stigma related to 

alcohol abuse and stigma associated with mental health rather than using items 

to determine the wording of the remaining items. 

The development of valid and reliable measures of behavioral health 

stigma for use in an older adult population is important for many reasons. Early 
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identification and treatment is key as older males seem particularly affected by 

the stigma associated with a behavioral health diagnosis, which is cause for 

concern because older males have the highest rate of completed suicide [5]. 

Health care practitioners and social service providers need to have the ability to 

identify those older adults in need of behavioral health services who might be 

averse to seeking treatment in order to provide targeted outreach. 

As more attention focuses on the stigma associated with behavioral 

health, being able to accurately measure the impact of research studies such as 

PRISME is paramount. As research funding gets more competitive, the ability to 

employ a psychometrically sound instrument developed specifically for use in a 

specific population, such as older adults, may be viewed as a way to better inform 

the evidence base than study protocols using more generalized measures of 

stigma. 

With proper identification techniques, interventions designed to lessen 

the feelings of perceived stigma in an individual with behavioral health challenges 

will play an important part in ensuring older adults get treatment they need. 

Improving self- esteem and self-efficacy has been linked to treatment access and 

adherence [33]. 

One important limitation of the current study is related to the 

respondents who agreed to receive behavioral health treatment and participate 

in the PRISM-E study. This group of participants may differ in a number of ways 

from those individuals who declined to participate in the study. Namely, those 

who declined may have greater feelings of stigma which have a greater influence 

over their behavioral health treatment choices than those who agreed to 

participate in the study. If this occurred, the sample would be biased toward 

those whose feelings of stigma have less of an impact on their behavioral health 

care utilization. Stigma may be more of a barrier to treatment for those who 

declined to participate in the study than for those who agreed to participate. 

Another limitation is lack of a formal clinical diagnosis of depression, anxiety and 

alcohol use/abuse, while the measures used to screen for these conditions, in 

general, have good agreement with the DSM-IV, it is possible that some people 

were included who would not have met the criteria for a diagnosis and vice versa. 
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However, this is just the first step in further understanding, the psychometric 

characteristics of the Stigma Assessment and the respondent characteristics that 

are related to stigma over time. 

Future research endeavors to understand the complex relationship 

between feelings of stigma and behavioral health outcomes will add to the 

research base and help to reduce the impact of perceived stigma as a barrier to 

seeking and receiving behavioral health treatment. By developing well validated 

and psychometrically sounds instruments to assess stigma we will be more able 

to break through the barrier of stigma and ensure that all older adults receive the 

care that they need. 
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Abstract  

We propose a three step procedure to investigate measurement bias and 

response shift, a special case of measurement bias in longitudinal data. Structural 

equation modeling is used in each of the three steps, which can be described as 

(1) establishing a measurement model using confirmatory factor analysis, (2) 

detecting measurement bias by testing the equivalence of model parameters 

across measurement occasions, (3) detecting measurement bias with respect to 

additional exogenous variables by testing their direct effects on the indicator 

variables. The resulting model can be used to investigate true change in the 

attributes of interest, by testing changes in common factor means. Solutions for 

the issue of constraint interaction and for chance capitalization in model 

specification searches are discussed as part of the procedure. The procedure is 

illustrated by applying it to longitudinal health-related quality-of-life data of 

HIV/AIDS patients, collected at four semi-annual measurement occasions. 
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Introduction 

In longitudinal research, the aim generally is to assess and explain 

change in the research subjects’ attributes. In behavioral research, the attributes 

of interest are often measured subjectively, through self-report questionnaires. 

When analyzing change as the result of some event, for example an intervention, 

measurement invariance is assumed. However, if the assumption of 

measurement invariance is not tested, we cannot be sure whether the change in 

observed test scores fully represents true change in the attribute of interest, or 

also change in the response behavior of the respondent. If this assumption is 

violated and measurement bias is present, the assessment of change is 

compromised. If researchers overlook this assumption then they risk the validity 

of their substantive interpretations.  

Measurement invariance is defined as 

 

f1(X|T = t,V = v) = f2(X|T = t), 

 

where X is a set of observed variables (e.g. items or scales of a questionnaire), T 

represents the attributes of interest (the theoretical constructs the questionnaire 

is designed to measure) that are measured by X, and V represents variables that 

could potentially violate measurement invariance (e.g. any other attribute than 

those represented by T , or experimental condition, or time, etc.). Function f1 is 

the conditional distribution function of X given values t and v, and f2 is the 

conditional distribution function of X given t. In other words, measurement 

invariance implies that respondents with equal standings on the attributes of 

interest T have equal expected values of the response variables X and no other 

variables V systematically affect response variables X. If the conditional 

independence does not hold, that is, if f1 ≠ f2, then the measurement of T by X is 

said to be biased by V and the assumption of measurement invariance is violated. 

The definition, as introduced by Mellenbergh [1] is very general as it defines 

measurement invariance as statistical independence (not just linear 

independence), and variables X, T, and V can be of any measurement level, 

continuous or discrete, observed or latent. 
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Meredith [2] used Mellenbergh’s definition to define weak (linear) 

measurement invariance and applied it to multi-group confirmatory factor 

analysis (CFA). In this application, X generally are observed continuous indicators, 

T are latent continuous variables (common factors), and V are observed discrete 

variables, defining some group membership. This application of measurement 

invariance analysis in multi-group CFA is well known and has been reviewed by 

Vandenberg and Lance [3] and Schmitt and Kuljanin [4]. Terminologies vary, but 

we may distinguish configural factorial invariance (same patterns of fixed and free 

elements in factor loading matrices), weak factorial invariance (same factor 

loadings), strong factorial invariance (same factor loadings and intercepts), and 

strict factorial invariance (same factor loadings, intercepts, and residual 

variances). Similar tests for configural, weak, strong, and strict factorial invariance 

can and have been conducted with longitudinal data [5-7]. The measurement 

invariance definition then still applies, with V representing an index for the time 

of the measurement occasion [7;8]. When this assumption of measurement 

invariance is violated with respect to time, we can consider this a special case of 

measurement bias, often referred to as “response shift”. 

The term response shift was coined by Howard and colleagues [9] who 

conducted research on educational training interventions. They defined response 

shift in terms of changes in internal standards of measurement, obfuscating true 

change in the attribute of interest. Golembiewski et al. [10], researching 

organizational change, described three types of change, which they labeled alpha, 

beta, and gamma change. Alpha change refers to objective change (or true 

change), beta change is a change in the meaning that respondents attach to the 

labels of response scale points, and gamma change refers to a change in the 

respondents’ understanding of item content, that is, the meaning of the wording 

of the items in the questionnaire. Response shift seems to encompass both beta 

and gamma change. In the field of medical psychology, Sprangers and Schwartz 

[11] distinguish three types of response shift. Recalibration response shift is a 

change in the respondent’s internal standards of measurement, reprioritization 

response shift is a change in the respondent’s values, and reconceptualization 
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response shift is a redefinition of the target construct. According to Oort [7], 

recalibration response shift (or beta change) violates intercept invariance, 

reprioritization response shift (or gamma change) violates factor loading 

invariance, and reconceptualization response shift (or gamma change as well) 

violates the invariance of factor loading patterns. 

The purpose of the present paper is to show how structural equation 

modeling (SEM) can be used to investigate measurement bias and response shift 

in longitudinal data, by applying SEM to health-related quality-of-life data 

collected from HIV/AIDS patients over four semi-annual measurement occasions. 

Measurement bias detection in longitudinal data from four time points (instead 

of two) highlights the problem of chance findings. Here we will propose global 

tests at Bonferroni adjusted levels of significance to reduce the number of chance 

findings. The global tests also solve the problem with so-called interaction 

constraints (i.e. when arbitrary scaling choices affect test results). In addition to 

the consideration of these two issues, the example also serves to illustrate how 

response shift is related to measurement bias in two ways: response shift as 

measurement bias with respect to time, and response shift as measurement bias 

with respect to exogenous variables. 

 

 Methods 

The goal of the procedure presented below is to detect and account for 

measurement bias and response shift in longitudinal data, in order to validly 

assess “true” change in the attributes of interest. 

The procedure has three steps. The goal of the first step is to find a 

confirmatory factor model that constitutes an appropriate measurement model 

with good fit and clear interpretation. In the second step, the longitudinal factor 

model is used to detect measurement bias by testing the invariance of factor 

loadings and intercepts across measurement occasions. In the third step, we add 

exogenous variables to the measurement model, and detect measurement bias 

by testing direct effects of these variables on the observed indicator variables. 

After detecting and accounting for apparent bias, change in the attributes of 
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interest can be evaluated by assessing the differences in the common factor 

means. 

 

Measurement bias and response shift 

In the second step, the measurement bias that is investigated is covered 

by the measurement invariance definition if we substitute an index of time or 

measurement occasion for V . We therefore consider any bias detected in this 

step to be response shift [8;12]. In the third step, measurement bias is 

investigated with respect to exogenous variables V that are possibly related to 

the attributes of interest and that are suspect to induce bias in the observed 

indicator variables. If the size of such measurement bias varies across 

measurement occasions, then such measurement bias may be considered as 

response shift as well [12;13]. 

 

Structural equation modeling 

The three-step procedure relies on fitting series of structural equation 

models and comparing their fit. The maximum likelihood estimation method 

yields a chi-square measure of overall goodness-of-fit that constitutes a test of 

the equivalence of the model implied means, variances, and covariances and the 

observed means, variances, and covariances. As this test of exact fit is very 

sensitive to small deviations, we additionally consider the root mean square error 

of approximation (RMSEA) as an index of approximate fit. According to a 

generally accepted rule of thumb, RMSEA values smaller than 0.05 suggest close 

fit and values smaller than 0.08 suggest satisfactory fit [14]. 

Chi-square difference tests will be used to assess the appropriateness 

and significance of changes made to the model as a result of testing 

measurement invariance. It is important to note that these difference tests can 

also be used to compare the fit of nested models when neither model shows 

good fit, if only we can assume equivalence of the non-centrality parameters of 

the associated non-central chi-square distributions [15]. The chi-square difference 

tests can be complemented by calculating the difference in the expected cross-

validation index (ECVI) for nested models. The ECVI is an information criterion 
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that is linearly related to the Akaike’s criterion [14]. If a 90% confidence interval 

for an ECVI difference between nested models includes zero then the fit of the 

two models is considered to be essentially equivalent (ibidem). 

 

Circumventing constraint interaction 

The results of the chi-square difference tests should not depend on the 

arbitrary choice of scale and origin of the common factors. In our procedure, we 

will choose to impose scale and origin by fixing the variance and mean of the 

common factors of the first measurement occasion. The common factors of the 

other measurement occasions are then given scales and origins through 

invariance constraints on factor loadings and intercepts. However, the detection 

of measurement bias involves testing and possible removal of these constraints. If 

we would choose, as customary, to investigate the invariance of factor loadings 

first and intercepts second, then the removal of one or more factor loading 

constraints would interact with the chi-square difference tests of subsequent 

intercept constraints. Such constraint interaction is caused by the fact that the 

model implied means (μ) of the observed variables are a function of both 

intercepts (τ) and the product of factor loadings (Λ) and common factor means 

(κ), μ = τ + Λκ. As a result, an across occasion difference in Λ affects the across 

occasion difference in μ and thus the significance test of the across occasion 

difference in τ, yet the impact of a Λ difference depends on the size of κ, and thus 

on the choice of the common factor origin. 

Byrne, et al. [16], who considered partial measurement invariance in 

multi-group designs, proposed a multistep procedure in which across group 

invariance of factor loadings is investigated before intercept invariance. They do 

not mention the constraint interaction, but in their procedure the problem is 

circumvented as they only constrained the intercepts of variables that have factor 

loadings that were found to be invariant. In effect, they use a one degree of 

freedom test to decide the invariance of two parameters. 

In our procedure, we choose to always test the invariance of factor 

loadings and intercepts simultaneously, applying tests with multiple degrees of 

freedom. This also solves the related problem that in the presence of factor 
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loading differences (“non-uniform bias”; [17]) the size of intercept differences 

(“uniform bias”) is dependent on the (arbitrary) scale of the common factor. 

 

Guarding against chance findings 

The procedure to detect measurement bias in longitudinal data involves 

a very large number of possible tests, especially when there are more than two 

measurement occasions. The suggested steps in measurement bias detection are 

similar to the steps in model modification, and we should be aware of the chance 

capitalization problems that are associated with specification searches [18]. 

Modifications should be theory driven, not data driven, and we should prevent 

over-fitting, which would diminish the generalizability of our results. 

In our procedure, we guard against chance findings in three ways. Firstly, 

we will only test specific hypotheses that are formulated in advance, and we will 

not use statistics such as the modification index and the expected parameter 

change [19] to explore possible improvement in fit that is not associated with the 

hypotheses under consideration. Secondly, we will limit the number of tests by 

using global tests with multiple degrees of freedom, to test for the invariance of 

multiple parameters across all measurement occasions simultaneously. In this 

way, we once more forego the use of the modification index with its associated 

problems [20]. Thirdly, to prevent inflation of the family-wise error rate we will 

conduct all tests at Bonferroni adjusted levels of significance, in the way 

described by Holm [21]. To achieve this, in each step of the procedure we will test 

at a level of significance that is equal to the quotient of a chosen family-wise level 

of significance (e.g. 5%) and the number of tests under consideration. 

 

Procedure 

 

Step 1: Establishing a measurement model 

Based on theory and previous research, we specify a longitudinal factor 

model with a pattern of factor loadings that is the same for each measurement 

occasion, without any constraints across measurement occasions. The matrix of 

residual variances and covariances consists of diagonal blocks as the residual 
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factors of the same indicator variables are allowed to covary across measurement 

occasions. If this Model 1.1 does not show satisfactory fit, modification indices (or 

Lagrangian multiplier tests; [22]) and standardized residuals may help to guide a 

specification search. When modifying the model, we require equivalence of 

patterns of factor loadings across occasions (to consolidate equal interpretation 

and naming of common factors across occasions), even if this means that not all 

factor loadings are significant. Moreover, to guard against chance findings and 

the inflation of the family-wise error rate, the model should only be modified if 

the chi-square difference test with nt degrees of freedom is significant at an 

adjusted level of significance * = f / (nz nt), where f is the family-wise level of 

significance, nz is the number of factor loadings fixed at zero for a single 

measurement occasion, and nt is the number of measurement occasions. So the 

product of nz and nt is the number of tests under consideration. 

Of course, to preserve a clear interpretation of the resulting model, all 

model modifications should have substantive justifications. We will refer to the 

final model in Step 1 as Model 1F. 

 

2.5.2 Step 2: Testing measurement invariance across measurement occasions 

In Step 2, the first model that we fit Model 2.1, has the same pattern of 

factor loadings as Model 1F, but with across occasion equality constraints on all 

factor loadings and intercepts. The variances and means of the common factors 

are fixed for the first occasion (e.g. variances at unity and means at zero) and free 

for the other occasions. The matrix of residual variances and covariances has the 

same specification as in Step 1. The chi-square test of the difference between the 

fit of Model 2.1 and the fit of Model 1F may serve as a global test of the across 

occasion invariance of factor loadings and intercepts, but even if the test does not 

turn out significant we may want to consider more specific tests for each 

indicator variable separately. 

For each of the ni indicator variables, the fit of Model 2.1 is compared to 

the fit of a model in which the equality constraints on the factor loadings and 

intercepts associated with the indicator variable are removed. These chi-square 

difference tests have (nt − 1)(1 + nf ) degrees of freedom, where nt is the number 
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of measurement occasions and nf  is the number of free factor loadings of that 

indicator variable on one measurement occasion. As the number of tests is ni , we 

suggest to test at an adjusted level of significance * = f / ni.  If the largest of the 

ni chi-square test results is significant, then we consider the associated indicator 

variable as biased. The factor loadings and intercepts of the biased indicator 

variable remain free in Model 2.2. The fit of this model is compared to the fit of 

(ni − 1) other models in which the equality constraints of one of the remaining 

items are also cancelled. If the largest of the resulting chi-square differences turns 

out significant at a re-adjusted level of significance * = f /(ni −1), then that 

indicator variable is also considered biased. This step should be repeated, re-

adjusting the level of significance every time (α
*
 = αf /(ni −n2), where n2 is the 

number of indicator variables detected as biased previously within Step 2, until 

no significant improvements in fit are found. Of note, if this iterative procedure 

leads to less than a majority of unbiased items, then this may compromise the 

interpretation of the findings (e.g. changes in common factor means). 
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Figure 1. Graphical display of part of Model 1F, showing the first measurement 
occasion variables only. 
Note: Only part of the model is depicted. The full model has forty indicator variables, eight 
common factors, and forty residual factors. Abbreviations: BP = bodily pain, PF = physical 
functioning, RF = role functioning, GH = general health perceptions, SF = social functioning, 
EF = energy and fatigue, MH = mental health, HD = health distress, CF = cognitive 
functioning, and QL = quality of life. 

 

After establishing the invariance or partial invariance of factor loadings 

and intercepts, one might also investigate the invariance of residual variances 

across measurement occasions, following a procedure similar to the one 

described above. This would be necessary if the goal is to investigate “strict” 

measurement invariance of the observed indicator variables (or their reliability). 

In the present procedure, however, the ultimate goal is to assess true change in 

the attribute of interest, by testing change in the common factor means. We may 

therefore choose to leave the residual factor variances unconstrained, as the 

residual factors affect neither the measurement nor the explanation of the 

common factors (as can be seen in Fig. 1). 
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The final model in Step 2 is referred to as Model 2F. If measurement bias 

has been detected, then one or more of the indicator variables will have varying 

factor loadings and intercepts across measurement occasions. Post hoc tests may 

aid the interpretation of such bias, but we should be prudent when conducting 

such tests, in view of possible interaction constraints. Moreover, to prevent 

unwarranted gains in degrees of freedom, it may be better to not use the results 

of post hoc tests to partly re-impose constraints on the parameters concerned. 

 

Step 3: Testing measurement invariance with respect to exogenous variables 

Model 3.1 is obtained by extending Model 2F to include exogenous 

variables. All correlations between the exogenous variables and the common 

factors are free to be estimated and all direct effects of the exogenous variables 

on the observed indicator variables are fixed at zero. A non-zero effect of an 

exogenous variable on a particular indicator variable would indicate 

measurement bias in the indicator variable with respect to the exogenous 

variable, as the observed covariance of these two variables is not sufficiently 

explained by the common factor. 

For each of the ni indicator variables we test for measurement bias with 

respect to each of the ne exogenous variables separately, by fitting nine models in 

which the direct effects of the exogenous variable are set free to be estimated at 

all nt measurement occasions. The associated chi-square difference tests have nt 

degrees of freedom. As the number of tests is nine, we suggest to test at an 

adjusted level of significance α
*
 = αf /nine. If the largest of the nine chi-square test 

results is significant, then we consider the indicator variable as biased, leave the 

regressions on the exogenous variable free, and continue testing for additional 

measurement bias, consistently re-adjusting the level of significance (α
*
  = αf 

/nine − n3, where n3 is the number of indicator variables detected as biased 

previously within Step 3), until no significant improvements in fit are found. 

The final model in Step 3 is called Model 3F. This model can be used to 

assess the true change in the attributes of interest. One might evaluate such 

change by just inspecting the values of the common factor means, taking their 

standard errors or confidence intervals into consideration. If one should want to 
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conduct significance tests, we once more suggest conducting global tests (first), 

at adjusted levels of significance, by fitting additional models, one for each 

common factor, in which the common factor means are constrained to be equal 

(e.g. by fixing all means at zero). The associated chi-square difference test has nt − 

1 degrees of freedom. If this test is conducted for each common factor 

separately, the adjusted level of significance is α
*
 = αf /nf , where nf is the number 

of common factors per measurement occasion. 

 

Illustrative example: Health survey of HIV patients 

To illustrate the procedure outlined above we use data compiled from 

several studies that investigated the health-related quality-of-life (HRQoL) of 

HIV/AIDS patients [23]. The present sample comprised 403 respondents who 

completed an HRQoL test on four bi-annual measurement occasions. The 

majority of the sample was male (87.5%) with a mean age of 41 (m = 40.7, s = 

8.7). 

The questionnaire used to assess HRQoL was the well validated Medical 

Outcomes Study HIV Health Survey [24]. The test contains 35 items that assess 

ten HRQoL domains: physical functioning (PF), bodily pain (BP), role functioning 

(RF), social functioning (SF), general health perceptions (GH), energy and fatigue 

(EF), health distress (HD), cognitive functioning (CF), mental health (MH) and 

quality of life (QL). For each domain, scale scores are calculated by summing all 

item scores. Item scores have been re-scaled in such a way that higher scale 

scores indicate better health. 

Other variables included in our analysis are age, gender, time on highly 

active antiretroviral treatment (HAART) and the CD4-cell count, (i.e. the number 

of T-cells present in a cubic millimeter of blood). HAART is the treatment given to 

HIV and AIDS patients to postpone or slow the progression of the disease. In this 

case, time on HAART roughly coincides with time after diagnosis. The CD4-cell 

count is an indicator of the functioning of the immune system; a count less then 

200 suggests progression from HIV to AIDS, and the CD4-cell count was 

dichotomized accordingly [25]. 
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The computer program LISREL was used to for maximum likelihood 

estimation in SEM (version 8.5, [26]). The freely available computer program 

NIESEM was used to calculate ECVI differences and the associated confidence 

intervals [27]. 

Table 1 includes the results of the chi-square measure of fit (CHISQ), 

RMSEA, and ECVI for all models discussed below, as well as CHISQ and ECVI 

differences for specific comparisons. 

 

Step 1 results: Measurement model 

The test manual suggests that BP, PF and RF are indicative of physical 

health, that MH, QL, CF and QL are indicative of mental health, and that GH, SF 

and EF are indicative of both physical and mental health [24]. A corresponding 

factor model with two common factors is depicted in Fig. 1. A longitudinal version 

of this model with four times two common factors was fitted to the variance-

covariance matrix of the four times ten HRQoL scales. 

The chi-square test of exact fit for this model was significant (CHISQ = 

1505.0, df = 640), but the RMSEA indicated satisfactory fit (Table 1, Model 1.1). 

Inspection of standardized residuals and modification indices suggested cross-

loadings of QL on the physical HRQoL factor. Adding these parameters for each of 

the measurement occasions yielded a model with significantly better fit (Table 1, 

Model 1F). The chi-square difference test (CHISQ DIFF = 182.0, df = 4, p <0.0001) 

is significant at the adjusted level of significance, α
*
 = 0.05/(7 × 4) = 0.0018. As the 

QL scale contains very general questions, we believed this to be a theoretically 

sound suggestion. Using this model as the new model of comparison, we checked 

for other significant modifications, but found none to be significant (at the re-

adjusted level of significance, α
*
 = 0.05/(6 × 4) = 0.0021). As the fit of Model 1F 

was satisfactory (RMSEA = 0.052, 90% confidence interval = [0.048, 0.056]) and its 

interpretation was clear, we proceeded to Step 2. 
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Table 1.  Overall goodness-of-fit and chi-square difference test results (n = 403) 

 

Model 
CHISQ 

(df) 

RMSEA 
(90 % conf. 

int.) 

ECVI 
(90 % conf. 

int.) 

Compar
-ison 

models 

CHISQ 
DIFF (df) 

p 
ECVI DIFF 

(90 % conf. int.) 

1.1 
Measurement model 
from manual 

1505.0 
(640) 

0.058 
(0.054 ; 0.062) 

4.962 
(4.681 ; 5.266) 

    

1F 
Modified measurement 
model 

1323.0 
(636) 

0.052 
(0.048 ; 0.056) 

4.532 
(4.274 ; 4.812) 

1F vs 
1.1 

182.0 
(4) 

< 0.0001 
0.431 

(0.325 ; 0.557) 

2.1 
Across occasion 
constraints on factor 
loadings and intercepts 

1423.2 
(696) 

0.051 
(0.047 ; 0.055) 

4.449 
(4.182 ; 4.738) 

2.1 vs 
1F 

100.2 
(60) 

0.0009 
-0.083 

(-0.143 ; -0.001) 

2.2 
Factor loadings and 
intercepts of HD free 

1395.0 
(690) 

0.050 
(0.046 ; 0.054) 

4.412 
(4.148 ; 4.697) 

2.2 vs 
2.1 

28.2 
(6) 

< 0.0001 
0.037 

(0.004 ; 0.091) 

2F 
Factor loadings and 
intercepts of HD and EF 
free 

1373.3 
(681) 

0.050 
(0.046 ; 0.054) 

4.408 
(4.146 ; 4.691) 

2F vs 
2.2 

21.7 
(9) 

0.0099 
0.004 

(-0.021 ; 0.051) 

2.4 
Factor loadings and 
intercepts of HD, EF, and 
MH free 

1365.8 
(675) 

0.050 
(0.047 ; 0.054) 

4.422 
(4.161 ; 4.705) 

2.4 vs 
2F 

7.5 
(6) 

0.2771 
-0.015 

(-0.016 ; 0.015) 

2.5 
As Model 2F but with 
constrained residual 
variances 

1478.0 
(711) 

0.052 
(0.048 ; 0.056) 

4.502 
(4.229 ; 4.797) 

2.5 vs 
2F 

104.7 
(30) 

< 0.0001 
0.094 

(0.023 ; 0.186) 

3.1 
As Model 2F but with 
addition of exogenous 

1563.2 
(809) 

0.047 
(0.044 ; 0.051) 

5.149 
(4.871 ; 5.449) 

    



 

 

 
 

1
4

4
 

variables 

3.2 
Free direct effects of 
CD4-cell count on EF 

1534.8 
(805) 

0.047 
(0.044 ; 0.050) 

5.101 
(4.826 ; 5.398) 

3.2 vs 
3.1 

28.4 
(4) 

< 0.0001 
0.048 

(0.014 ; 0.104) 

3F 
Free direct effects of 
CD4-cell count on EF and 
RF 

1516.3 
(801) 

0.047 
(0.043 ; 0.051) 

5.077 
(4.805 ; 5.372) 

3F vs 
3.2 

18.5 
(4) 

0.0010 
0.024 

(-0.001 ; 0.070) 

3.4 
Free direct effects of 
CD4-cell count on EF and 
RF, and of Gender on HD 

1506.0 
(797) 

0.046 
(0.043 ; 0.050) 

5.074 
(4.803 ; 5.367) 

3.4 vs 
3F 

10.3 
(4) 

0.0357 
0.003 

(-0.011 ; 0.039) 

 

 

Step 2 results: Measurement invariance across measurement occasions 

In Model 2.1, all factor loadings and intercepts were constrained to be equal across the four measurement occasions. 

The fit of this model (Table 1, Model 2.1) was significantly worse when compared to Model 1F (CHISQ DIFF = 100.2, df = 60, p = 

0.0009). In the series of models that was fitted next, the model in which the equality constraints were removed for HD showed 

the best fit (Table 1, Model 2.2). The chi-square difference test (CHISQ DIFF = 28.2, df = 6, p < 0.0001) turned out significant at 

the adjusted level of significance, α
*
 = 0.05/10 = 0.005. Retaining the additional parameters, Model 2.2 was used as the 

comparison model in the evaluation of a new series of models. The model with the parameters of EF freed yielded the largest 

chi-square difference (CHISQ DIFF = 21.7, df = 9, p = 0.0099). As the CHISQ DIFF was significant at the re-adjusted level of 

significance, α
*
 = 0.05/9 = 0.0056, we retained the additional parameters and used this model for subsequent comparisons. 

However, none of the models in the next series showed a significant improvement of fit (the largest improvement was found for 

a model with free MH parameters, CHISQ DIFF = 7.5, df = 6, p = 0.2771). 
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With HD (health distress) we see that the intercept for the first 

measurement occasion is notably lower than the other intercepts. Apparently, it 

is more difficult for respondents to answer positively to the HD items (to show 

less health distress and score high on the HD scale) when they have just entered 

the research and complete the HRQoL test for the first time. In subsequent 

administrations of the HRQoL test, respondents score higher on the HD scale, 

relative to their Mental HRQoL. The factor loadings of HD on Mental HRQoL go up 

and down with time, which makes the bias difficult to interpret. 

With EF (energy and fatigue), the intercepts seem to decrease, which 

would indicate that with time, it becomes more difficult to agree with the EF 

items (i.e. to do well and score high on the EF scale), relative to the respondent’s 

Physical HRQoL and Mental HRQoL. That is, when general HRQoL improves, EF 

does not improve as much. The factor loadings of EF on Physical HRQoL and 

Mental HRQoL show a pattern that suggests that with time, the answers to the 

energy and fatigue (EF) items become less indicative of the respondents’ Physical 

HRQoL and more indicative of the respondents’ Mental HRQoL, but these 

differences are very small. 

Model 2F was also used as the comparison model in a test of invariance 

of the residual variances. This test turned out highly significant (CHISQ DIFF = 

104.7, df = 30, p < 0.0001, Table 1). As invariance of residual variances is not 

required for valid assessment of change in the common factor means, we did not 

follow up with tests of partial invariance of the residual variances. 

 

Step 3 results: Measurement invariance with respect to exogenous variables 

We included variables that are supposed to be related to HRQoL of 

HIV/AIDS patients and that may induce bias in the test scores. In Model 3.1, age, 

gender, CD4-cell count and time on HAART were correlated with the common 

factors Physical and Mental HRQoL at all four measurement occasions, but the 

four new variables were not allowed to directly affect the observed indicator 

variables of Physical and Mental HRQoL. Part of Model 3.1 is depicted in Fig. 2, 
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only showing the HRQoL variables of the first measurement occasion. The fit of 

Model 3.1 was satisfactory (CHISQ = 1535.8, df = 809, RMSEA = 0.047, Table 1). 

We used Model 3.1 as the comparison model in the first iteration of 

tests for bias with respect to the exogenous variables. The largest chi-square 

difference was found for the direct effects of CD4-cell count on the EF indicators 

(CHISQ DIFF = 28.4, df = 4, p < 0.0001), and it was significant at the adjusted level 

of significance of α
*
 = 0.05/(10 × 4) = 0.0013. We therefore retained these direct 

effects in the next comparison model, Model 3.2, to test for additional direct 

effects of exogenous variables on observed indicators. The largest chi-square 

difference was found for the direct effects of CD4-cell count on the RF indicators 

(CHISQ DIFF = 18.5, df = 4, p = 0.0010), which was only barely significant at the re-

adjusted level of significance of α
*
 = 0.05/39 = 0.0013. In the next iteration, none 

of the resulting chi-square difference tests turned out significant. The largest chi-

square difference was associated with direct gender effects on HD (CHISQ DIFF = 

10.3, df = 4, p = 0.0357). 

In order to interpret apparent measurement bias, we have to take the 

relationships of the exogenous variables with the common factors into account as 

well. The correlations from Model 3F are given in Table 3. To check whether 

apparent measurement bias is consistent over time, we compared the fit of 

Model 3F with a model in which the direct effects of CD4-cell count on EF were 

constrained to be equal. The resulting model fitted almost as well as Model 3F 

(Table 1, CHISQ DIFF = 1.4, df = 3, p = 0.7055). In this model, the direct effect of 

CD4-cell count on EF was estimated at −0.39 (se = 0.09) for all four measurement 

occasions, indicating that a low CD4-cell count (indicative of having AIDS rather 

than HIV) affects the respondent’s energy and fatigue (lower EF scores) in 

another way than would be expected on account of the positive correlation 

between CD4-cell count and Physical HRQoL at the first measurement occasions 

(Table 3). In other words, a CD4-cell count indicative of AIDS is associated with 

worse Physical HRQoL, but not as much with EF. 
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Figure 2. Graphical display of part of Model 3.1, showing the first occasion 
variables only. 
Note: Only part of the model is depicted. The full model has forty indicator variables, eight 
common factors, forty residual factors, and four exogenous variables. The dashed arrow 
represents measurement bias in RF and EF with respect to CD4-cell count. 
 
 

We also tested whether the measurement bias in RF (role functioning) 

with respect to CD4-cell count was consistent over time, but this appeared not to 

be the case (CHISQ DIFF = 17.5, df = 3, p = 0.0006). The direct effects of CD-4 cell 

count on RF varied across measurement occasions, being negative at the first 

occasion and positive on the other occasions, −0.60 (se = 0.37), 0.92 (se = 0.34), 

0.39 (se = 0.35), and 0.08 (se = 0.31). In spite of testing at an adjusted level of 

significance, this may be a chance result. In fact, due to the large standard errors, 

only the second occasion 0.92 effect is significant at the 0.05 level. 
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With measurement bias accounted for, Model 3F was used to evaluate 

change in Physical and Mental HRQoL. The common factor means and their 

standard errors are given in Table 3. Both Physical HRQoL and Mental HRQoL 

improve after the first measurement occasion. Perhaps patients get used to the 

idea of being HIV infected or even of having AIDS, and learn to live with it, so that 

the disease does not affect their HRQoL as much when they completed the 

HRQoL test for the first time. The correlations between the exogenous variables 

and HRQoL are generally small, except for the correlation between CD4-cell count 

and the first occasion measurement of Physical HRQoL (0.30, if you do not have 

AIDS yet then you are doing better physically) and the consistent negative 

correlations between time on HAART and Physical HRQoL. The longer the 

respondents receive HAART, the worse their Physical HRQoL, which is 

understandable in view of the invasive side effects of HAART [23]. 
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Table 2. Intercepts and factor loadings (selected parameter estimates from 

Model 2F) 

 
HRQoL 
scale 

Intercepts 
for four measurement 

occasions 

Factor loadings Physical 
HRQoL for four 

measurement occasions 

Factor loadings Mental 
HRQoL for four 

measurement occasions 

BP 7.83 
(0.10) 

1.64 
(0.08) 

0 

PF 7.86 
(0.10) 

1.64 
(0.08) 

0 

RF 6.60 
(0.18) 

2.86 
(0.14) 

0 

GH 5.02 
(0.10) 

1.24 
(0.08) 

0.58 
(0.07) 

SF 7.51 
(0.11) 

1.68 
(0.09) 

0.35 
(0.07) 

EF 6.20 / 6.17 / 6.06 / 6.01 
(0.10 / 0.10 / 
 0.10 / 0.10) 

1.09 / 0.86 / 0.85 / 0.89 
(0.08 / 0.08 /  
0.08 / 0.07) 

0.90 / 1.10 / 1.03 / 0.97 
(0.08 / 0.09 /  
0.08 / 0.07) 

MH 7.00 
(0.09) 

0 1.62 
(0.07) 

HD 7.54 / 7.76 / 7.68 / 7.74 
(0.10 / 0.10 /  
0.10 / 0.10) 

0 1.32 / 1.58 / 1.38 / 1.50 
(0.08 / 0.09 /  
0.08 / 0.08) 

CF 7.60 
(0.09) 

0 1.03 
(0.06) 

QL 6.80 
(0.10) 

1.07 
(0.07) 

1.10 
(0.07) 

Notes: standard errors are given within parentheses; a single entry indicates that the 
parameter estimate is constrained to be equal across the four measurement occasions; to 
save space, common factor means, variances, and covariances, and residual variances and 

covariances are not shown. 
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Table 3. Common factor means and correlations (selected parameter estimates from Model 3F). 

 
Common factor means       

 Physical 
HRQoL 
T1 

Mental 
HRQoL 
T1 

Physical 
HRQoL 
T2 

Mental 
HRQoL 
T2 

Physical 
HRQoL 
T3 

Mental 
HRQoL 
T3 

Physical 
HRQoL 
T4 

Mental 
HRQoL 
T4 

Means 0 0 0.16 0.06 0.15 0.18 0.16 0.14 
Standard errors   (0.04) (0.05) (0.05) (0.05) (0.05) (0.05) 
         

Common factor correlations       

 Physical 
HRQoL 
T1 

Mental 
HRQoL 
T1 

Physical 
HRQoL 
T2 

Mental 
HRQoL 
T2 

Physical 
HRQoL 
T3 

Mental 
HRQoL 
T3 

Physical 
HRQoL 
T4 

Mental 
HRQoL 
T4 

Physical HRQoL T1         
Mental HRQoL T1 0.43 1.00       
Physical HRQoL T2 0.73 0.32 1.00      
Mental HRQoL T2 0.38 0.71 0.59 1.00     
Physical HRQoL T3 0.72 0.28 0.83 0.44 1.00    
Mental HRQoL T3 0.39 0.72 0.49 0.81 0.57 1.00   
Physical HRQoL T4 0.60 0.26 0.72 0.37 0.80 0.41 1.00  
Mental HRQoL T4 0.34 0.65 0.43 0.67 0.45 0.76 0.60 1.00 
         
Gender 0.02 0.04 -0.07 0.02 -0.05 0.04 0.02 0.10 
Age -0.07 0.11 -0.08 0.03 -0.11 0.01 -0.17 -0.03 
CD4-cell count 0.31 0.07 0.11 -0.04 0.12 -0.01 0.03 -0.02 
Time on HAART -0.08 0.18 -0.25 0.01 -0.21 -0.01 -0.28 -0.07 
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Correlations between exogenous variables 

 Gender Age CD4-cell 
Count 

Time on 
HAART 

    

Gender 1.00        
Age -0.19 1.00       
CD4-cell count 0.04 0.00 1.00      
Time on HAART -0.02 0.17 0.19 1.00     

 
 
Discussion 

In the application of the measurement bias detection procedure to the longitudinal HRQoL data of HIV/AIDS patients, 

we found four examples of measurement bias. First, we found the factor loadings and intercepts of HD (health distress) and EF 

(energy and fatigue) not to be invariant across measurement occasions and, second, we found direct effects of CD4-cell count on 

EF and RF (role-functioning). The first two findings of measurement bias are considered as response shift by definition, as the 

measurement invariance is violated by the time of the measurement occasion. However, upon inspecting the HD and EF 

parameter estimates (Table 2) there did not appear to be an obvious substantive explanation for the changes in the factor 

loadings of HD. The other two findings of measurement bias are considered as response shift only if they vary with time. The 

bias in EF with respect to CD4-cell count is consistent over time and therefore not considered as  
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response shift. The bias in RF with respect to CD4 cell count did vary with time, 

but again, it was difficult to provide a substantive explanation for this so-called 

response shift. Perhaps some of our results are chance findings, despite our best 

attempts to guard against such findings. 

The Bonferroni adjustment of the level of significance guards against 

inflation of the family-wise error rate, but the chi-square difference test can still 

be affected by model complexity and sample size. In a simulation study, Cheung 

and Rensvold [28] considered various alternatives to the chi-square difference 

test for testing across group constraints in multi-group factor analysis, and 

recommended inspection of differences in Bentler’s  [29] comparative fit index 

(among others). In our longitudinal factor analysis, we complemented the chi-

square differences with ECVI differences, really only in order to provide additional 

information about the necessity of further modifications that cannot be 

substantively justified. In the present analyses, the ECVI differences generally 

agreed with the chi-square difference tests at Bonferroni adjusted levels of 

significance. One notable exception was that according to the 90% confidence 

interval of the ECVI difference, the fit of Models 2.2 and 2F was essentially 

equivalent, suggesting that constraints on EF factor loadings and intercepts could 

have been retained. 

It should be noted that most response shift researchers in substantive 

areas of psychology contend that response shifts are the result of some catalyst 

event, such as an intervention in educational research [9], or a health state 

change in medical research [11]. In the HRQoL study of HIV/AIDS patients, there is 

not a well defined event that all respondents have in common, other than having 

been diagnosed with HIV or AIDS some time ago. However, the time since 

diagnosis and the time on HAART vary greatly across patients and cannot be 

considered true catalysts. The one thing all patients have in common is that they 

participate in the HRQoL study, and that they complete HRQoL tests every half 

year. The test taking itself can have an effect on their response behavior, which 

may change with time. The patients may become more accustomed to both their 

disease and taking the test, which perhaps induces a response shift. It should also 
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be noted that most work on response shift in substantive psychological research 

was not aimed at investigating measurement invariance, but rather at explaining 

paradoxical intervention effects. Seeing that research into response shift was 

hampered by researchers having different conceptions of response shift, Oort 

[12] proposed to formally define response shift as a special case of measurement 

bias, although some researchers may still have another perspective on response 

shift [13]. 

As is illustrated by the empirical example, Step 2 and Step 3 of the 

detection procedure are laborious and time consuming. Especially if the numbers 

of observed variables and exogenous variables are large, these two steps involve 

the fitting of numerous models, in order to evaluate the chi-difference tests. An 

advantage of using modification indices is that, within each iteration, the 

researcher only has to fit a single model. Therefore, although perhaps less sound 

[20], we explored the use of the modification index as an alternative to the global 

tests with multiple degrees of freedom. 

When we evaluated the modification indices with the Bonferroni 

adjusted levels of significance, none of the findings were significant because of 

the large number of tests under consideration (e.g. 120 in Step 2). When testing 

at less conservative levels of significance, for example by considering tests of 

intercept constraints first and factor loading constraints second, or by simply 

raising the family-wise level of significance, there was a number of modification 

indices that reached significance. However, as multiple modification indices were 

about equally large, the choice of which constraint to remove first seemed 

arbitrary, yet highly consequential for the removal of constraints in subsequent 

iterations, leading to very different conclusions. In addition, we also had to be 

careful not to run into constraint interactions. Still, the most important problem 

with relying on modification indices and less conservative testing was that many 

of the modifications were difficult to interpret and that the number of iterations 

grew very large. Saris et al. [30] suggest only modifying models if the modification 

indices are associated either with moderate (instead of high) statistical power or 

with substantial expected parameter changes. When statistical power is high, one 

can only rely on substantive arguments for modification (ibidem), which we did, 
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as in the present analyses the power to find medium sized differences was 

consistently above 99%. 

In such situations, the decision making becomes increasingly subjective, 

as researchers will have to base their decisions between modifications and when 

to stop modifications on the interpretability of the different modifications. It is 

therefore highly likely that different researchers, with different substantive 

knowledge and different interpretation skills, will end up with different 

conclusions when analyzing the same data. As can be seen from the procedure 

using modification indices, subjectivity in measurement bias detection influences 

whether and where bias is found. Not all researchers may want to test every 

possible combination of tenable equality constraints. When this is the case, a 

priori hypotheses driven by theory should be stated before analysis and only 

these tests should be conducted. Under these circumstances, chance findings 

may further be reduced and more generalizable results found. 

The problems associated with devising an objective procedure for 

measurement bias detection is common to specification searches in general. 

Bollen [31]: “Modeling strategies are subject to debate for virtually all statistical 

procedures. Witness the sharp disagreements over stepwise regression, the 

interpretation of clusters in cluster analysis, or the identification of outliers and 

influential points. The largely objective basis of statistical algorithms does not 

remove the need for human judgment in their implementation.” Similarly, when 

investigating measurement invariance, it is impossible to completely remove the 

element of human judgment. This is certainly true for the substantive 

interpretation of apparent measurement bias. However, we think that the 

procedure presented in this paper, with its safeguards against chance findings, at 

least helps to more objectively decide which measurements are biased and which 

are not. 

 

Acknowledgement 

The authors thank P.T. Nieuwkerk (Medical Psychology, Academic Medical 

Centre, University of Amsterdam) for making the quality-of-life data available for 

secondary analysis. 



 

 

155 

 

 

References 
 

 1.  Mellenbergh, G.J. (1989). Item bias and item response theory. International Journal 
of Educational Research, 13, 127-143. 

 2.  Meredith, W. (1993). Measurement Invariance, Factor-Analysis and Factorial 
Invariance. Psychometrika, 58, 525-543. 

 3.  Vandenberg, R.J., & Lance, C.E. (2000). A review and synthesis of the measurement 
invariance literature: Suggestions, practices, and recommendations for 
organizational research. Organizational Research Methods, 3, 4-70. 

 4.  Schmitt, N., & Kuljanin, G. (2008). Measurement invariance: Review practice and 
implications. Human Resource Management Review, 18, 210-222. 

 5.  Sayer, A.G., & Cumsille, P.E. (2001). Second-order latent growth models. In: Collins, 
L.M., & Sayer, A.G. (eds.). New methods for the analysis of change. Decade of 
behavior (pp 179-200). Washington DC: APA. 

 6.  Meredith, W., & Horn, J. (2001). The role of factorial invariance in modeling growth 
and change. In: Collins, L.M., & Sayer, A.G. (eds). New methods for the analysis of 
change. Decade of behavior (pp 201-240). Washington DC: APA.  

 7.  Oort, F.J. (2005). Using structural equation modeling to detect response shifts and 
true change. Quality of Life Research, 14, 587-598. 

 8.  Oort, F.J. (1991). Theory of violoators: assessing unidimensionality of psychological 
measures. In: Steyer, R., Wender, K.F., & Widaman, K.F. (eds). Psychometric 
Methodology (pp 377-381). Stuttgart : Fischer. 

9.   Howard, G.S., Ralph, K.M., Gulanick, N.A., Maxwell, S.E., Nance, S.W., & Gerber, S.K. 
(1979). Internal invalidity in pretest - posttest self-report evaluations and a 
reevaluation of retrospective pretests. Applied Psychological Measurement, 3, 1-23. 

 10.  Golembiewski, R.T., Billingsley, K., & Yeager, S. (1976). Measuring change and 
persistence in human affairs - types of change generated by OD designs. Journal of 
Applied Behavioral Science, 12, 133-157. 

 11.  Sprangers, M.A.G., & Schwartz, C.E. (1999). Integrating response shift into health-
related quality of life research: a theoretical model. Social Science & Medicine, 
48(11), 1507-1515. 

 12.  Oort, F.J. (2005). Towards a formal definition of response shift (In reply to G.W. 
Donaldson). Quality of Life Research, 14, 2353-2355. 

 13.  Oort, F.J., Visser, M.R., & Sprangers, M.A.G. (2009). Formal definitions of 
measurement bias and explanation bias clarify measurement and conceptual 
perspectives on response shift. Journal of Clinical Epidemiology, 62, 1126-1137. 

 14.  Browne, M.W., & Cudeck, R. (1992). Alternative Ways of Assessing Model Fit. 
Sociological Methods & Research, 21, 230-258. 

 15.  Steiger, J.H., Shapiro, A., & Browne, M.W. (1985). On the Multivariate Asymptotic-
Distribution of Sequential Chi-Square Statistics. Psychometrika, 50(3), 253-264. 



 

 

156 

 

 16.  Byrne, B.M., Shavelson, R.J., & Muthen, B. (1989). Testing for the Equivalence of 
Factor Covariance and Mean Structures - the Issue of Partial Measurement 
Invariance. Psychological Bulletin, 105, 456-466. 

 17.  Barendse, M.T., & Oort, F.J., & Garst, G.J,A. (2010). Using restricted factor analysis 
with latent moderated structures to detect uniform and nonuniform measurement 
bias; a simulation study. Asta-Advances in Statistical Analysis, 94, 117-127. 

 18.  MacCallum, R.C., Roznowski, M., & Necowitz, L.B. (1992). Model Modifications in 
Covariance Structure-Analysis - the Problem of Capitalization on Chance. 
Psychological Bulletin, 111, 490-504. 

 19.  Kaplan, D. (2000). Structural Equation Modeling. Thousand Oaks, CA : Sage.  
 20.  Kaplan, D. (1990). Evaluating and Modifying Covariance Structure Models - A 

Review and Recommendation. Multivariate Behavioral Research, 25, 137-155. 
 21.  Holm, S. (1979). A simple sequentially rejective multiple test procedure. 

Scandinavian Journal of Statistics, 6, 65-70. 
 22.  Bollen, K.A. (1989). Structural Equations with Latent Variables. New York: Wiley. 
 23.  Nieuwkerk, P.T. (2006). Highly active antiretroviral therapy for HIV-1 infection: 

Patients' quality of life and treatement adherence. Dissertation, Amsterdam, 
University of Amsterdam.  

 24.  Wu, A.W., Revicki, D.A., Jacobson, D., & Malitz, F.E. (1997). Evidence for reliability, 
validity and usefulness of the Medical Outcomes Study HIV Health Survey (MOS-
HIV). Quality of Life Research, 6, 481-493. 

 25.  Hogg, R.S., Yip, B., Chan, K.J., Wood, E., Craib, K.J.P., O'Shaughnessy, M.V., & 
Montaner, J.S.G. (2001). Rates of disease progression by baseline CD4 cell count 
and viral load after initiating triple-drug therapy. JAMA- Journal of the American 
Medical Association, 286, 2568-2577. 

 26.  Jöreskog, K.G. & Sörbom, D. (1996). LISREL 6 user's guide. 2nd. Chicago, IL., 
Scientific Software International, Inc.  

 27.  NIESEM: A computer program for calculating non-central interval estimate and 
power analysis for structural equation modeling [computer program]. Melbourne: 
University of Melbourne; 2003.    

 28.  Cheung, G.W., & Rensvold, R.B. (2002). Evaluating goodness-of-fit indexes for 
testing measurement invariance. Structural Equation Modeling - A Multidisciplinary 
Journal, 9, 233-255. 

 29.  Bentler, P.M. (1990). Comparative Fit Indexes in Structural Models. Psychological 
Bulletin, 107,238-246. 

 30.  Saris, W.E., Satorra, A., & van der Veld, W.M. (2009). Testing Structural Equation 
Models or Detection of Misspecifications? Structural Equation Modeling - A 
Multidisciplinary Journal, 16,561-582. 

 31.  Bollen, K.A. (2000). Modeling strategies: In search for the Holy Grail. Structural 
Equation Modeling - A Multidisciplinary Journal, 7(1), 74-81. 



 

 

157 

 

7 
 
 
 
Comparison of procedures used to test 
measurement invariance in longitudinal factor 
analysis 
 

 

 
B.L. King-Kallimanis, F.J. Oort, C. Tishelman, & M.A.G. Sprangers. 
 

 

 

Submitted



 

 

158 

 

 

 

 

Abstract   

In this paper we hope to further advance the use of structural equation modeling 

to test longitudinal measurement invariance. To achieve this we discuss two 

different procedures to test invariance. We illustrate the differences by applying 

the methods to an example of longitudinal data from lung cancer patients. One 

procedure relies on the modification indices (MI) and expected parameter 

changes (EPC) to assess the tenability of the equality constraints imposed on 

parameters across two measurement occasions. Saris, Satorra and Van der Veld 

(2009) have suggested that this strategy can be extended with calculations of the 

power of the MI. In the second procedure, we rely on global tests and 

standardized observed parameter changes (SOPC). Both guard against chance 

findings, though they do so in very different ways that can lead to different 

results.  
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Introduction 

When we use structural equation modeling (SEM) to investigate 

measurement invariance, what is the best procedure to guard against and limit 

chance findings? This question is essential to consider when we investigate 

whether the relationships between the observed items and the latent attribute 

remain constant across measurement occasions and/or groups; that is when we 

test the assumption of measurement invariance. Violations of measurement 

invariance (measurement bias) can distort conclusions about common factor 

mean differences either among diverse groups or over time. Testing 

measurement invariance has become prevalent; therefore it is important that 

valid and reliable procedures are used to detect measurement bias.  

Formally, measurement invariance is expressed as 

 

f1(X|A = a, V = v) = f2(X|A = a)      

    

 

where X refers to a set of observed variables, A is the latent attribute measured 

by X, and V can represent anything that has the potential to affect the 

relationship between X and A. In longitudinal research, and in this paper, V 

represents time, but could also represent group membership, such as sex or race, 

or another attribute not represented by A. The function f1 is the conditional 

distribution function of X given a and v; the function f2 is the conditional 

distribution function of X given a. In the above equation, conditional 

independence holds, however when f1 ≠ f2 , then it can be said that the 

measurement of A by X is biased with respect to V and measurement invariance 

has been violated [1].   

To test measurement invariance over time we rely on confirmatory 

factor analysis (CFA) of the mean and covariance structures.  There are three 

levels of invariance essential for unbiased comparison of the common factor 

means:  1) Configural invariance - tests whether the same measurement model 

holds over time, i.e., with the same factor pattern, 2) Metric invariance - tests the 

invariance of the factor loadings over time by constraining them to equality, and 
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3) Scalar invariance – tests the invariance of the intercepts by adding equality 

constraints. Although additional measurement invariance hypotheses can be 

tested [2], these three tests are critical to making valid conclusions regarding 

change because they may affect assessment of change in the common factor 

means [3-5]. 

There is no consensus on what is the “best” procedure to follow when 

testing the assumption of measurement invariance. One problem affecting all 

procedures is chance findings. When testing invariance this is particularly 

problematic due to the large number of tests being considered. In this paper, we 

highlight why this is particularly problematic when relying solely on modification 

indices (MI) and discuss two procedures that should reduce chance findings. Both 

procedures are applied to an empirical example for illustrative purposes. We will 

discuss any differences in our results that are identified in the illustrative example 

and why these occur. Advantages and disadvantages of the procedures will also 

be discussed.  

 

Procedures for Identifying Biased Parameters 

If the assumption of measurement invariance is violated, overall model 

fit statistics cannot be used to locate the biased item and identify which 

parameter the bias is associated with. To locate and identify such bias, most 

researchers turn to the MIs. The MIs can be helpful in this situation as they 

provide an indication of the size of the improvement in the overall chi-square 

statistic if the parameter in question were freed to be estimated. In general there 

are three important points to consider when using the MIs; a) the power of the 

MI and size of the sample, b) the number of possible modifications and c) the 

interpretability of the modification. These points are important so as to prevent 

changes made to the model that are solely data driven. MacCallum et al. [6] 

argue that whenever a model is modified using a data driven strategy there is a 

strong possibility that some of the re-specifications made will be due to chance, 

and this possibility must be addressed and dealt with [6]. In response to point b, 

the researcher can re-adjust the critical value the MI is assessed with, using a 

Bonferroni correction. This is achieved by calculating the number of plausible 
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parameters to be investigated in regards to bias and re-adjusting the critical value 

to maintain a family wise Type I error rate of 5%. For example, if we have 80 

parameters to consider, then only MI (with its chi-square distribution with one 

degree of freedom) larger than 11.7 (associated with a probability of 0.05/80) 

would be considered as an indication of bias. This classical approach has a 

detrimental effect on power, therefore some power-increasing adaptations to the 

Bonferroni procedure have been suggested and are applied in this paper [7;8].  

Despite the warnings regarding the use of MIs, they are still the main 

and often only tool used to identify parameter misspecification. Even when 

precautions are taken, it may be the case that a MI suggests freeing a parameter 

that results in a significant decrease in the chi-square statistic, but that the 

parameter estimate may change very little. This suggests that the modification to 

the model was not substantively meaningful. In invariance testing, it suggests that 

the equality constraint was in fact tenable. This can occur because a) large sample 

size leads to high power to detect small but significant changes in the parameter, 

or b) the model is poorly specified [9]. As a result, decisions regarding the 

tenability of equality constraints should not be made solely on the size of the MIs. 

In a review of the techniques for evaluating misspecifications Kaplan [9] discusses 

not only the MI, but also the power associated with the MI, and expected 

parameter change (EPC). When using power and EPCs in conjunction with the 

MIs, the assessment of the tenability of the equality constraints will have greater 

reliability and chance findings will be reduced. Each of these additional statistics 

are briefly discussed below.  

When testing invariance, power is the probability of rejecting an equality 

constraint when the equality constraint does not hold. Knowing the size of the MI 

and the power of the MI is not enough additional information, therefore the 

expected parameter changes (EPC) can also be investigated [10] to assess 

equality constraints. The EPC indicates the size of the expected change in the 

parameter estimate were it to be freed. This information helps to determine 

whether the parameter changes should be considered substantially valuable. The 

scale, however, of the EPC in CFA is arbitrary, which leads to difficulties in making 

comparisons across different estimate values and determining whether the value 



 

 

162 

 

is “large” or “small” [11]. There are a number of ways to overcome this, both 

Kaplan [11] and Chou and Bentler [12] suggested standardizing the expected 

parameter change, these values are available in most standard structural 

equation modeling software. Saris et al, propose a slightly different solution that 

will be further discussed below under procedure 1.   

How the MI, power of the MI, and EPC are applied has the potential to 

lead to different results when testing measurement invariance. In the following 

sections we will describe how these statistics can be combined and we will also 

introduce an alternative procedure. 

 

Procedure 1 – Modification Indices & Expected Parameter Changes 

In this procedure MI, power of the MI and EPCs are considered to detect 

measurement invariance once the across occasion equality constraints have been 

placed on the factor loadings and intercepts. Rather than standardize the EPC, it 

is possible to choose a standardized misspecification size and convert this value 

to the scale of each EPC, and investigate whether the EPC is less than or greater 

than this value. To achieve this, the value chosen to represent misspecification is 

divided by the standard deviation of the observed score associated with the 

particular EPC in question. Substantial misspecification is indicated when the EPC 

is greater than the un-standardized cutoff value. As calculating all these cutoff 

values is time consuming, Saris, et al. [13] developed the program JRule to aid in 

these calculations. JRule reads the output of genereated by either Lisrel or Mplus, 

and then produces its own output file with the additional calculations for these 

cutoffs and power and the MIs and EPCs.  

Using the MI, EPC and power, Saris, et al. [10] argue that there are four 

possible outcomes. These four outcomes are: 1) no bias – the equality constraint 

is tenable, as the MI is not significant and the power is high; 2) bias – the equality 

constraint is not tenable as the MI is significant and the power is low; 3) possible 

bias – the MI is significant and the power is high. Saris et al. [13] propose in this 

situation that the researcher checks whether the EPC is greater than the cutoff 

value. If the EPC is greater than the cutoff bias is considered present and; 4) 

undetermined – there is not enough information to determine if the equality 
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constraint is tenable as the power is low and the MI is small. These four outcomes 

are also reported in JRule. 

 

Advantages & Disadvantages 

The advantage of using this procedure is that it is time efficient as only 

the relevant models need to be investigated and with the aid of JRule no 

additional hand calculations are required. It can be argued that the four 

outcomes provide a clear course of action. However, in the fourth outcome, it is 

not possible to determine whether bias is present, leaving the researcher with no 

clear course of action, which is disadvantageous. Another disadvantage is that we 

cannot be sure that the procedure is not prone to chance findings as the MI, 

power of MI and EPC are all related to each other (see Saris et al. [13] for the 

formulation).  

 

Procedure 2 – Global Tests & Observed Parameter Change 

An alternative to guard against chance findings is to apply global tests 

and calculate the observed parameter change. In global testing [14] we rely on 

the chi-square difference test. We do this in an attempt to guard against chance 

findings in three ways: a) by directly testing specific hypotheses, b) by using the 

global test we simultaneously consider the invariance of multiple parameters 

(both factor loadings and intercepts), and c) by conducting all tests at Bonferroni 

adjusted levels of significance [7]. However, the limitation of using only global 

tests is that we rely solely on statistical testing to detect measurement bias. This 

is problematic because as power increases, small, yet significant differences are 

detected as bias, which in fact are substantively irrelevant.  

To overcome this shortcoming, we also calculate the standardized 

observed parameter change (SOPC) for both the factor loadings and intercepts:  

SOPC = λiA – λiR where λiA  refers to the standardized estimated factor loadings (* 

=  λi/σi where λ is the unstandardized factor loading and σ is the standard 

deviation) in the alternative model for item i when the equality constraints are 

removed and λiR refers to the standardized estimated factor loadings in the fully 

restricted model where those same parameters are constrained to equality over 

* * * 

* 
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time. Similarly, SOPCτ = τiA - τiR where τiA refers to the rescaled estimated 

intercepts (* = τi/σi, where τ is the unstandardized intercept estimate and σ is the 

standard deviation) in the alternative model for item i when the equality 

constraints are removed and τiR refers to the rescaled intercepts in the fully 

restricted model where those same parameters are constrained to equality over 

time.  

To investigate measurement invariance, first the fully restricted model is 

fit with all across occasion equality constraints on the factor loadings and 

intercepts included. Next, a series of alternative models are fit. There is an 

alternative model for each observed variable included in the measurement 

model. In each alternative model the equality constraints on both the factor 

loadings and the intercepts associated with the particular observed variable are 

removed. The alternative and fully restricted models are compared using the 

global test, which is a multiple degree of freedom test (degrees of freedom are 

dependent on the number of measurement occasions). An SOPC is calculated for 

each parameter where the equality constraint was removed. When the global 

test is significant and in conjunction with an SOPC that meets a pre-defined cutoff 

value, then we consider the associated observed variable as biased. If this occurs, 

the factor loadings and intercepts of the biased observed item remain free, and a 

new series of alternative models are fit, this is repeated with adjusted levels of 

significance [7] until no global tests and SOPCs meet the criteria.  

 

Advantages & Disadvantages 

The main advantage of using global tests and SOPCs is that global testing 

in testing all alternative models, the impact of freeing a small number of 

parameters associated with an observed variable can be seen and it reduces 

chance findings as multiple parameters are considered simultaneously. The main 

disadvantage is that all possible alternative models are tested; therefore the 

procedure is time intensive.  

 

* * * 

* 
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Illustrative Example 

Data 

To illustrate the procedures outlined above we used data from a 

longitudinal study that investigated the health-related quality-of-life (HRQoL) of 

patients with primary inoperable lung cancer. The data utilized in this example 

came from 216 patients who completed the baseline questionnaire that was on 

average about two weeks after diagnosis and the first follow-up questionnaire 

that was approximately two weeks following baseline [15].  

To measure HRQoL the European Organization for Research and 

Treatment of Cancer (EORTC) QLQ-C30 questionnaire was used [16]. The 

questionnaire has 30 items that cover nine multi-item domains: Physical 

Functioning (PF), Role Functioning (RF), Fatigue (FA), Nausea and Vomiting (NV), 

Pain (PA), Emotional Functioning (EF), Cognitive Functioning (CF), Social 

Functioning (SF) and Global Health Status (GH). An additional six domains are 

measured with single items. Also included, was the lung cancer specific module of 

the EORTC QLQ-C30, the EORTC-LC13 [17]. The questionnaire has three items that 

cover one multi-item domain, symptoms of dyspnea (DY), and 10 single item 

domains. Only the multi-item domains (ten in total) are included in the current 

analysis. Higher scores, for all scales, are indicative of better HRQoL. Symptom 

related scores were reversed, so that higher scores indicate less symptoms. 

 

Analysis Strategy 

To test invariance we carried out three steps. The goal of Step 1 was to 

identify a factor model for the EORTC QLQ-C30 that had a clear interpretation and 

good fit. Fit was assessed using the chi-square test of exact fit, and the 

approximate fit indices, root mean square error of approximation (RMSEA) and 

expected cross-validation index (ECVI). When using CFA it is necessary to provide 

scale and origin to the common factors. There are three possible ways to achieve 

this (for details see Reise, Widaman and Pugh [18]). As we provide scale and 

origin via constraints on the factor loadings and intercepts the goal of Step 2 was 

to identify invariant indicators using the List and Delete procedure outlined by 

Rensvold and Cheung [19]. In this procedure, a series of models are run in order 
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to identify which unbiased indicators could be used to provide scale and origin. In 

Step 3 we constrain all factor loading and intercepts to equality across 

measurement occasions and investigate measurement invariance using 

procedures 1 and 2. In procedure 1 we investigated measurement invariance 

using the MIs and EPCs and in procedure 2 we used Global Tests and SOPCs. All 

analyses were conducted using Lisrel 8.54 with maximum likelihood estimation. 

For additional calculations Mx [20] and JRule 3.0.4 [21] were used.   

 

Results 

 

Step 1 – Establish a measurement model 

The construct of HRQoL is often represented by two factors: Physical 

HRQoL and Mental HRQoL. Therefore, we specified a model where, at both 

measurement occasions, seven domains loaded on the Physical HRQoL common 

factor and four domains loaded on the Mental HRQoL common factor (see Figure 

1). Though the chi-square test was significant, the RMSEA indicated satisfactory 

fit (Model 1, χ
2
 302.08 (152), p <0.001, RMSEA =0.068, 90% CI (0.056 ; 0.079)). In 

addition, the standardized residuals did not suggest any substantive 

misspecification.  

 

Step 2 – Providing unbiased scale and origin to the common factors  

In the previous step, the first observed variable of Physical HRQoL and 

the last observed of Mental HRQoL at both measurement occasions were used 

provide scale and origin (factor loading and intercepts set to a constant). To 

ensure that we choose an invariant indicator, we used the List and Delete 

procedure [19]. This required fitting a series of models where there was a null 

model (Model 1, Step 1), and an alternative model where one factor loading and 

one intercept were set to a constant and another factor loading and intercept 

were set to equality over time and the fit of the alternative model was compared 

to the null model. We tested all possible pairs of constraints for Physical HRQoL 

and then did the same for Mental HRQoL. After testing all possible pairs, Role 

Functioning was designated to provide scale and origin for Physical HRQoL and 
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Social Functioning for Mental HRQoL. These variables were chosen because when 

tested there was the least deterioration in model fit.  

 

Step 3 –Procedure 1:  Investigate measurement invariance using Modification 

Indices and Expected Parameter Changes 

In this step, all factor loadings and intercepts from Model 1 were 

constrained to be equal across time (Model 2, χ
2
 (169) = 359.98, p = <0.001, 

RMSEA =0.071, 90% CI (0.061 ; 0.081)). We chose to consider misspecifications 

that minimally corresponded to small effect sizes [22] as indicative of 

measurement bias. This corresponded to a factor loading difference of >. 10 and 

an intercept difference of > .20. Using the MI, power of the MI and EPC, the 

results indicated that ten out of sixteen plausible factor loading constraints were 

tenable (no bias) and six out of sixteen plausible intercept constraints were 

tenable (no bias). The results for the remaining factor loadings and intercepts 

indicated that the power was high (> .80) and the MIs significant, therefore we 

investigated the EPCs (see Tables 1 and 2). The EPCs indicated that the 

misspecifications were generally very small and did not meet our criteria. There 

was one exception, where the EPC associated with the intercept of Emotional 

Functioning at the second measurement occasion met our criteria (Table 2). 

Equality constraints were removed for the intercept of Emotional Functioning, 

and the MIs, power of the MIs and EPCs for this new model were investigated. No 

additional misspecifications were identified. The chi-square for this final model 

was significant, but the RMSEA was satisfactory ( χ
2
 (168) = 341.94, p = <0.001, 

RMSEA =0.069, 90% CI (0.058 ; 0.079)) (See Figure 1, for parameter estimates). 
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Table 1. Results from procedure 1 for factor loadings from fully constrained 

model (Model 2)  

 
Scale  Modifica-

tion Index 
EPC Cutoff† Power Decision 

DY1 – Phys HRQoL 3.28 -0.01 0.09 0.99 No bias 
PF1 – Phys HRQoL 4.03 0.02 0.09 0.99 EPC -> no bias 
RF1 – Phys HRQoL NA     
FA1 – Phys HRQoL 0.05 0.00 0.10 0.99 No bias 
NV1 – Phys HRQoL 6.36 0.02 0.07 0.99 EPC -> no bias 
PA1 – Phys HRQoL 0.07 0.00 0.12 0.99 No bias 
GH1 – Phys HRQoL 0.36 0.00 0.09 0.99 No bias 
GH1 – Ment HRQoL 0.12 -0.01 0.12 0.98 No bias 
EF1 – Ment HRQoL 15.78 -0.09 0.12 0.99 EPC -> no bias 
CF1 – Ment HRQoL 5.00 0.04 0.12 0.99 EPC -> no bias 
SF1 – Ment HRQoL NA     
DY2 – Phys HRQoL 3.28 0.03 0.09 0.99 No bias 
PF2 – Phys HRQoL 4.03 -0.02 0.08 0.99 EPC -> no bias 
RF2 – Phys HRQoL NA     
FA2 – Phys HRQoL 0.05 0.00 0.10 0.99 No bias 
NV2 – Phys HRQoL 6.36 -0.05 0.08 0.98 EPC -> no bias 
PA2 – Phys HRQoL 0.07 -0.01 0.11 0.99 No bias 
GH2 – Phys HRQoL 0.36 0.02 0.09 0.98 No bias 
GH2 – Ment HRQoL 0.12 0.00 0.12 0.99 No bias 
EF2 – Ment HRQoL 15.78 0.00 0.11 0.99 EPC -> no bias 
CF2 – Ment HRQoL 5.00 0.00 0.12 0.99 EPC -> no bias 
SF2 – Ment HRQoL NA     

† These cutoffs correspond to a difference of 0.10 for standardized factor loadings 
Note: NA – refers to parameter used to provide scale to the common factors 
Abbreviations: EPC – expected parameter change, DY – Dyspnea, PF – physical functioning, 
RF – role functioning, FA – fatigue, NV – nausea, PA – pain, GH – general health, EF – 
emotional functioning, CF – cognitive functioning, SF – social functioning, Phys HRQoL – 
physical health-related quality-of-life, Ment HRQoL – mental health-related quality-of-life  
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Table 2. Results from procedure 1 for intercepts from fully constrained model 
(Model 2) 

 
 Modification 

Index 
EPC Cutoff† Power Decision 

DY1 10.10 -0.17 0.47 0.99 EPC -> no bias 
PF1 6.44 0.16 0.44 0.99 EPC -> no bias 
RF1 NA     
FA1 0.13 -0.03 0.54 0.99 No bias 
NV1 12.01 0.20 0.35 0.99 EPC -> no bias 
PA1 0.19 -0.05 0.61 0.99 No bias 
GH1 0.06 0.00 0.44 0.99 No bias 
EF1 17.58 -0.11 0.46 0.99 EPC -> no bias 
CF1 7.25 0.05 0.45 0.99 EPC -> no bias 
SF1 NA     
DY2 10.10 0.19 0.48 0.99 EPC -> no bias 
PF2 6.44 -0.09 0.45 0.99 EPC -> no bias 
RF2 NA     
FA2 0.13 0.02 0.54 0.99 No bias 
NV2 12.01 -0.30 0.44 0.99 EPC -> no bias 
PA2 0.19 0.03 0.58 0.99 No bias 
GH2 0.06 0.03 0.47 0.99 No bias 
EF2 17.58 0.46 0.44 0.98 EPC -> bias 
CF2 7.25 -0.31 0.46 0.98 EPC -> no bias 
SF2 NA     

† These cutoffs correspond to a difference of 0.20 for standardized intercepts 
Note: NA – refers to parameter used to provide origin to the common factors 
Abbreviations: EPC – expected parameter change, DY – Dyspnea, PF – physical functioning, 
RF – role functioning, FA – fatigue, NV – nausea, PA – pain, GH – general health, EF – 
emotional functioning, CF – cognitive functioning, SF – social functioning, 

 

In regards to the bias identified, the estimate of the intercept of 

Emotional Functioning was lower at baseline than at follow-up. Apparently it was 

more difficult to give a positive response to Emotional Functioning scale shortly 

after diagnosis, relative to the respondents Mental HRQoL (see Figure 3b). At 

follow-up, patients scored higher on the Emotional Functioning scale (better 

Emotional Functioning) relative to their Mental HRQoL. Perhaps when patients 

were initially diagnosed they felt overwhelmed, but after starting treatment some 
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of the anxiety was relieved because something was being done to treat their lung 

cancer, and they also had the support of family and friends. 

 
Step 3 – Procedure 2: Investigate measurement invariance using Global Tests and 

SOPCs  

Again, as the first model, all factor loadings and intercepts were 

simultaneously constrained to equality over time (Model 2, Table 3). All 

alternative models were tested and their fit assessed. Equality constraints were 

considered not tenable when there was a significant global test (* = 0.05/10 = 

0.005) and large SOPCs. The SOPCs were considered to represent substantial 

misspecification when the factor loading SOPCs were >.10 and the intercept 

SOPCs >.20 (the same sizes that were used in procedure 1). In the first iteration, 

the removal of the equality constraints associated with Dyspnea parameters lead 

to a significant chi-square difference test and large SOPCS (Table 3, Model 3). 

Leaving all parameters associated with Dyspnea free to be estimated and 

readjusting the significance (* = 0.05/9 = 0.005), the model with the parameters 

of Nausea free met our criteria. In the next series of models no model met our 

criteria; therefore Model 4 (Table 3) was considered as the final model (See 

Figure 2, for parameter estimates). 
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Figure 1. EORTC QLQ-C30 measurement model for procedure 1. Factor loadings and intercepts of Model 3.1a. 
Abbreviations: DY – Dyspnea, PF – Physical Functioning, RF – Role Functioning, FA – Fatigue, NV – Nausea and Vomiting, PA – Pain, GH - Global 
Health Status EF – Emotional Functioning, CF – Cognitive Functioning and SF – Social Functioning 
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Table 3. Results from procedure 2 – overall goodness-of-fit, SOPCs and chi-square difference tests 

 
 Model CHISQ 

(df) 
 
SOPC 

RMSEA 
(90 % conf. 
interval) 

Compar-
ison 
models 

CHISQ 
DIFF 
(df) 

p-
value 

 
ECVI 
(90% conf. 
interval) 

1 Measurement 
model 1 

302.08 
(152) 

NA 0.068 
(0.056 ; 0.079) 

NA NA NA 2.131 
(1.825 ; 2.286) 

2 Addition of 
equality 
constraints 

359.98 
(169) 

NA 0.071 
(0.061 ; 0.081) 

1 vs. 2 57.90 
(17) 

<0.001 2.208 
(1.883 ; 2.384) 

3 Dyspnea equality 
constraints freed 

345.91 
(167) 

1 -0.015 2 0.010 

1 0.110 2 -0.160 

0.069 
(0.058 ; 0.079) 

2 vs. 3.1 14.07 
(2) 

0.0009 2.152 
(1.833 ; 2.321) 

4 Nausea equality 
constraints freed 

334.34 
(165) 

1 0.010 2 -0.009 

1 -0.179 2 0.140 

0.068 
(0.057 ; 0.079) 

31 vs. 
3.2 

11.57 
(2) 

0.003 2.139 
(1.824 ; 2.305) 

Note: 1  = time 1 factor loading, 2  = time 2 factor loading, 1  = time 1 intercept, 2  = time 2 intercept 
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Figure 2. EORTC QLQ-C30 measurement model for procedure 2. Factor loadings and intercepts of Model 3.2b. 
Abbreviations: DY – Dyspnea, PF – Physical Functioning, RF – Role Functioning, FA – Fatigue, NV – Nausea and Vomiting, PA – Pain, GH - Global 
Health Status EF – Emotional Functioning, CF – Cognitive Functioning and SF – Social Functioning 
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Figure 3a Physical HRQoL Mean Change 
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Figure 3b Mental HRQoL Mean Change 

 

The two violations of invariance were associated with the intercepts for 

the Dyspnea and Nausea scales (see Table 3). Apparently it was more difficult for 

patients to give a positive (less symptoms) response to Dyspnea scale shortly 
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after their diagnosis relative to the respondents Physical HRQoL (see Figure 3a). 

At follow-up, patients scored higher (less symptoms) relative to their overall 

Physical HRQoL. In general, symptoms of Dyspnea did not worsen as much as 

expected given that Physical HRQoL significantly decreased over time (Figure 3a). 

Perhaps when patients were initially diagnosed, they conceptualized Dyspnea as a 

primary symptom of lung cancer, but after beginning treatment they wanted to 

believe that the treatment was reducing this primary symptom. In regards to 

Nausea, the opposite was seen. Apparently it was more difficult for patients to 

give a negative response (more symptoms) to Nausea items shortly after 

diagnosis. At follow-up, patients scored lower (more symptoms) relative to their 

overall Physical HRQoL. Therefore, Nausea worsened more than we would have 

expected given the general decrease in Physical HRQoL as can be seen in Figure 

3b. It is possible that this bias occurred as a result of treatment side-effects. It 

seems likely that once treatment is completed, we would see the intercept for 

Nausea to increase to its pre-treatment value.  

 

Comparison of Results 

We believe the primary reason the results from procedures 1 and 2 

differ is because in procedure 1 each equality constraint is treated as a single 

parameter that may or may not be misspecified, whereas in procedure 2, the 

equality constraints are treated as set of multiple parameters. For example, in 

Table 3, we can see that the SOPCs for the intercepts of Dyspnea were not larger 

than 0.20 individually; however the combined difference between the two 

estimates was greater than a small effect. A secondary reason is because 

procedure 1 relies on expected changes in the model, whereas in procedure 2, 

the SOPCs are observed changes. When the OPC was calculated for the intercept 

at follow-up for Emotional Functioning, the value was smaller than the EPC (OPC2 

= 0.037) and below the cutoff for this parameter. This indicates that there was 

little actual difference in the intercept.  

Before bias was accounted for, there was no significant change in either 

the Physical or Mental HRQoL latent means. After accounting for bias in 

procedure 1, this result remained the same. However, the latent means for 
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Mental HRQoL before accounting for bias had a slight upward trend (not 

significant) and after accounting for bias, this trend became negative (not 

significant). Once bias was accounted for in procedure 2, we concluded that that 

there was a small significant decrease in Physical HRQoL, the conclusion for 

Mental HRQoL remained the same (See Figures 3a and 3b).  

 

Discussion 

In this paper, we describe two procedures for testing invariance with 

SEM. In our illustrative example, we came to different conclusions regarding 

which parameters were associated with measurement bias. As noted in the 

results, in procedure 1 we tested single parameters, whereas in procedure 2 we 

considered multiple parameters simultaneously. In both procedures, 

misspecification was considered substantial when EPCs and SOPCs were 

associated with a standardized change of >.10 for factor loadings and >.20 for 

intercepts. However, because of the single/multiple parameter distinction we are 

not actually testing for the same size of misspecification. In an attempt to 

overcome this, we also investigated what would happen if we reduced the size of 

the misspecification tested in procedure 1. This resulted in identifying different 

results than those reported in the results section for both procedure 1 and 

procedure 2. For example, when misspecification associated with the intercepts 

was reduced to >.10 rather than >.20. The results suggested equality constraints 

on the intercepts of Nausea at both measurement occasions and the intercept of 

Cognitive Functioning at follow-up were not tenable. This was because the MI 

was significant, the power was moderate and the EPC was large. While the finding 

regarding Nausea is consistent with the results of procedure 2, the finding 

regarding Cognitive Functioning intercepts was not. Therefore, simply reducing 

the misspecification size does not resolve the differences found in the results for 

both procedures. Limited work has been conducted that investigates appropriate 

misspecification sizes [23]. Both procedures presented in this paper offer the 

flexibility to allow the researcher to choose what size misspecification they 

believe to be acceptable. However, it appears that the decision to test single or 
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multiple parameters needs to be taken into consideration as it has the potential 

to affect the results.  

Both procedures presented in this paper aim to guard against chance 

findings, and both procedures are an improvement on relying on MIs alone, 

however, there are limitations. In procedure 1, power was calculated for each MI, 

however, knowing the power in our illustrative example did not aid the decisions 

regarding the tenability of the equality constraints. This is because the power was 

very high (> .97) for all parameters investigated. Therefore, all decisions regarding 

the tenability of the equality constraints when the MI was significant were based 

on the size of the EPC. However, the EPC is always informative and when 

investigating both MIs and EPCs the Type II error rate should be reduced. This 

may be especially true in the presence of multivariate non-normality. This is 

because the MI may be affected by the multivariate non-normality, but the EPC 

should be relatively stable as they are associated with the parameter estimates 

[24]. Parameter estimates are less affected than the standard errors and MIs, 

though no research, to our knowledge, has been conducted regarding the 

conditions under which the EPC remains stable. In our example, the EPC 

sometimes predicted a larger change in the intercept than was actually observed 

when the constraint was removed. This is an area in need of further research. 

In procedure 2, unlike procedure 1 where the calculations are easily 

computed with the aid of the JRule program, all alternative models were run and 

the SOPCs were calculated separately. This is a very time intensive process, and 

while it can be considered as a disadvantage of the procedure, it can also be an 

advantage. This is because each constraint is given substantial consideration 

before it is determined whether the equality constraint is tenable. As the process 

of testing equality constraints is essentially a data driven process, by testing each 

alternative model, the researcher is able to see the impact of equality constraint 

removal on all estimated parameters. This in turn should increase substantively 

based decisions, especially when the research has to choose between almost 

equivalent options.   

In our illustrative example, we relied on the factor loadings and 

intercepts to provide scale and origin to the latent constructs. While this is the 
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most frequently used approach, it is not the best choice when testing invariance. 

This is because by setting a factor loading and intercept to a constant to provide 

scale and origin we already assume that these parameters are invariant. While 

procedures have been proposed for ensuring that invariant parameters are used 

to provide scale and origin [19;25] these procedures are not frequently used and 

are time consuming to carry out. An alternative for setting scale and origin is to 

constrain the factor variances of the first measurement occasion to equal unity, 

and to include at least one factor loading that is constrained to equality over 

measurement occasions [18;26;27]. In this paper, we scale via factor loadings and 

intercepts, to highlight the most frequently used form of scaling. The global tests 

and SOPCs can be calculated regardless of scaling, and thus provide the 

researcher with the flexibility to proceed using methods that are suited to their 

research needs.   
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The largely objective basis of statistical algorithms does not remove 
the need for human judgment in their implementation 

— Ken A. Bollen, 2000 

 

The general objectives of this thesis were to investigate measurement 

invariance in existing sets of HRQoL data in diverse patient populations, account 

for measurement biases and response shifts, and assess true effects on unbiased 

health-related quality-of-life (HRQoL). In applying the procedure to detect 

response shift outlined by Oort [1;2] to the data used in this thesis we anticipated 

that methodological problems would arise. As a result, our secondary aim was to 

address some of these problems in two methodological papers that used 

empirical examples to illustrate the problem. 

In applying structural equation modeling (SEM) to investigate 

measurement invariance, we were able to meet our first objective as the samples 

were diverse, bias and response shift were detected and accounted for, and we 

were able to assess true change in the measurement of HRQoL. Table 1 provides 

a summary of these results. In regards to the second objective, we proposed 

modifications to Oort’s procedure [1;3] for testing measurement invariance and 

illustrated this new procedure with data from HIV/AIDS patients. This procedure 

was further extended (by including inspection of observed parameter changes) 

and compared to another procedure (relying on modification indices and 

expected parameter changes) for investigating measurement invariance. In 

proposing this refined procedure, we were able to better guard against chance 

findings. 

 

Diverse patient populations 

Until now, few studies have applied the same procedure to investigate 

measurement bias and response shift across a diverse group of patient 

populations. The diversity of patient populations used to investigate 

measurement invariance is both a strength and weakness of this thesis. It is a 
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strength because this thesis provides a broad overview of biases and response 

shifts that may be identified in different patient populations, with both acute 

(e.g., cancer) and chronic (e.g., multiple sclerosis) conditions. It is a weakness 

because we are not able to easily compare the results across data sets.  

 

Bias and response shift  

In all four of the applied papers (Chapters 2 - 5) and both of the methods 

papers (Chapters 6 and 7), either bias or response shift was identified. Most 

frequently, bias and response shifts were associated with observed variables that 

utilized items with more general wording (e.g., SF-36 [4], item 11b – I am as 

healthy as anybody I know). These observed variables are particularly susceptible 

to bias because they are unspecific questions which leave room for respondents 

to attach their own meaning, allowing for patient characteristics to affect the 

responses provided.  

In Chapters 3 and 6 the biases and response shifts identified were small 

in magnitude and sometimes difficult to interpret. In both of these samples, no 

clear catalyst (for example, starting treatment) occurred for all respondents. Such 

a catalyst may be required so that a significant change in health state occurs, 

which in turn has the potential to lead to a meaningful and interpretable 

response shift [5]. 

The additional exogenous variables associated with measurement bias 

and response shifts varied greatly across studies. However, in three out of five 

papers (Chapters 2, 3 and 4) where age was included as an exogenous variable, 

bias with respect to age was detected. Improving our understanding of the 

relationship between age, HRQoL and measurement bias is an area in need of 

further research. It is already well documented [6;7] that perceptions of aging 

influence health outcomes. Interesting questions that require further research 

include: are the effects truly age effects or are they cohort effects. This question 

requires studying different age groups over a significant period of time to assess 

whether the effects are consistent for age groups or cohort groups. Another 

important research question is whether the inclusion of age specific HRQoL 

questionnaires (e.g., EORTC QLQ-ELD15 [8]) would be beneficial in avoiding bias 
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with respect to age. If so, it is also important to understand how these could be 

incorporated into studies where a broad age range is studied. Alternatively one 

might want to include, for example, the Expectations Regarding Aging Survey [9] 

and test for bias with respect to scores on this scale. 

 

True effects 

After accounting for bias and response shift, change in the common 

factor means was investigated. Significant change in the common factors was 

identified in most of the studies. In Chapter 7 where two procedures for detecting 

bias and response shift were compared, the conclusions from the two procedures 

differed regarding change in the common factor means after accounting for bias. 

We concluded that there was no significant change in Physical HRQoL over time 

when using the procedure relying on modification indices and expected 

parameter changes. Whereas, we concluded that there was a small significant 

decrease in Physical HRQoL when using our Three Step procedure (relying on 

global tests and observed parameter changes). This result can be explained by the 

different response shifts that were accounted for in each procedure, which was 

primarily as a result of testing single parameters or testing multiple parameters 

simultaneously. 

The impact of response shift and true change on observed change varied 

among chapters. Using Oort’s [1] partitioning formula we were able to determine 

the impact of response shift and true change in terms of Cohen’s d effect sizes 

[10]. All effect sizes were small in magnitude. However, by distinguishing 

response shift from true change, we found that the conclusions we would have 

arrived at changed. For example, in Chapter 3, we would have concluded that the 

item measuring sensory disability had changed for stable multiple sclerosis 

patients (Study 1). However, most of this change was attributable to recalibration 

response shift. Therefore after response shift was accounted for, there was only a 

very small true change in sensory disability for stable patients.  
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Methodological considerations: procedures and chance findings 

As we applied the procedure originally outlined by Oort [1;3] it was 

discovered that chance findings may arise and that by refining the procedure, we 

could reduce those chance findings. In Chapter 6 we refined the procedure to 

guard against chance findings in three ways:  a) by directly testing specific 

hypotheses, b) by using global tests to simultaneously consider the invariance of 

multiple parameters (both factor loadings and intercepts), and c) by conducting 

all tests at Bonferroni adjusted levels of significance [11].  

Overall this new procedure was found to reduce chance findings and also 

circumvent the constraint interaction. However, when the procedure was applied 

to large samples it became clear that the global tests were significant when the 

observed difference in parameter estimates was small, thus chance findings were 

not substantively reduced. To overcome this, we proposed investigating the 

observed parameter change (OPC). We believe that when the global tests and 

OPCs are used in conjunction, chance findings will be further reduced, and a more 

accurate assessment of change obtained.  

 

Advantages and disadvantages of the Three Step procedure 

The procedure presented in this thesis consists of three broad steps: 1) 

establishing a measurement model, 2) testing measurement invariance across 

measurement occasions, and 3) testing measurement invariance with respect to 

exogenous variables. The advantages of the procedure using SEM are that: a) it is 

sufficiently general to be applied in almost any setting and under different 

circumstances; b) it retains construct validity; and c) it is rigorous, and guards 

against chance findings. With this rigor comes the disadvantage that this 

procedure is time intensive to carry out. This is because we test all alternative 

models, whereas other procedures only test models for which violations of 

invariance are plausible, as for example, indicated by modification indices or 

standardized residuals. To illustrate this difference imagine there was one 

common factor of HRQoL, five observed variables and one instance of response 

shift. Using our procedure nine models would be fit; relying on modification 

indices, for example, only two models would be fit. Even in this simple example, 
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the difference is quite large. This disadvantage is problematic, as testing the 

assumption of measurement invariance will not always be the primary outcome 

of interest in a study. Applied researchers who want to evaluate this assumption 

may not carry out the procedure suggested in this thesis for this reason. Despite 

this disadvantage, by considering each alternative model, the researcher will gain 

insight into the substantive effects of freeing the equality constraints, and 

therefore gain increased understanding of his or her model and reduce the 

effects of relying on a data driven procedure. Finally, it is possible that the cut-off 

values we chose for the OPCs, which are based on Cohen’s d small effect sizes 

[10], may not always be ideal under different data circumstances. However, the 

proposed cutoff values can be changed and a more appropriate cutoff value can 

be chosen. 

 

Improving the Three Step procedure 

To increase and further our understanding of the three step procedure, 

simulation research is required. This would allow us to test the performance of 

our procedure under commonly arising circumstances in HRQoL research (e.g., 

skewed distributions, small sample size). We can then evaluate when the 

procedure is and is not able to reduce chance findings. If the simulation work 

would lead to suggesting different guidelines for different sample sizes, for 

example, then the next step would be to test our procedure against the new 

recommendations. To ensure comparability of results, the same empirical data 

would be used to investigate whether the same or different results are identified. 

Such research is warranted as it would increase our confidence in our conclusions 

regarding change in HRQoL data, or any construct that has been measured with 

self-report questionnaires. 

  

Final Remarks 

In general, the findings presented in this thesis highlight the importance 

of testing the assumption of measurement invariance. As all studies exhibited 

some level of measurement bias or response shift, these phenomena should not 

be overlooked. We relied solely on SEM to detect measurement bias and 
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response shift as we believe it to be an effective method to investigate 

measurement invariance post study design. This is due to the flexibility it offers 

researchers as the analyses can be tailored to most study designs. In addition to 

this, it may be the most accessible technique for social scientists, as it offers a 

framework that is similar to factor analysis, which most social scientists have 

encountered at some point during their careers. In this thesis we demonstrated 

some of this flexibility and hope that the proposed procedure offers a relatively 

user friendly approach to testing measurement invariance in self-reported 

measures.  
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Table 1. Summary of results  

 

 Patient 
Population 

Instrument Response Shift 
Measurement Bias True Change 

Chapter 
2 

Breast, lung, 
pancreatic 
and 
esophageal 
cancer 
(n = 202) 

SF-36 [4]  Bodily pain  
(reconceptualization) – 
response affected by both 
Physical & Mental HRQoL at 
T2 

 General health 
(reconceptualization) – 
response affected by both 
Physical & Mental HRQoL at 
T2 

 

 Older age –> worse Physical 
Functioning (T1 & T2)  

 Female sex –> better General 
Health (T1) 

 More optimism –> better 
General Health (T2) 

 More upward comparison –> 
worse General Health (T2) 

 More optimism –> better 
Mental HRQoL (T1 & T2 – 
explanation bias) 

 More upward comparison –> 
worse Mental HRQoL (T1 & 
T2 – explanation bias) 

 Significant decrease in 
Physical HRQoL 

 Significant increase in 
Mental HRQoL 

Chapter 
3 

Multiple 
Sclerosis  
(Study 1,  
n = 1,552; 
Study 2, n = 
1,767)   

The 
Disability 
Scales 
(Study 1) 
[12]; SF-12 
(Study 2) 

 Study 1: Sensory disability 
(recalibration) – less inclined 
to report high sensory 
disability at  T2 & T3 

 Study 2: Role Emotion 
(recalibration) – less inclined 

 Study 2: Older age –> better 
Mental Health (T1, T2, T3) 

 Study 2: Older age –> better 
Vitality (T1, T2, T3) 

 Study 1: Overall 
deterioration in Visible 
Disability  

 Study 1: No change in 
Internal Disability 

 Study 2: No change in 
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[13]  to report high role emotion at  
T2 

either Physical or Mental 
HRQoL 

Chapter 
4 

Heterogeneou
s cancer  
(n = 155) 

EORTC QLQ-
C30 [14] 

Cross sectional data – not 
applicable 

 Older age –> worse Physical 
Functioning 

 Previous Treatment –> worse 
Emotional Functioning 

Cross sectional data – not 
applicable 

Chapter 
5 

Screened 
positive for 
depression, 
anxiety, 
and/or at-risk 
drinking (n = 
1,198) 

SAMHSA 
Mental 
Health and 
Alcohol 
Abuse 
Stigma 
Assessment 

 Item 4: Would it be difficult 
for you to start mental health 
or alcohol abuse treatment if 
other people knew that you 
were going to be in 
treatment? (recalibration) – 
more inclined to report high 
on item 4 at  T2 & T3 

 Female sex –> more stigma on 
Item 3: Do you think people 
around you would think 
differently of you if you 
received mental health or 
alcohol abuse treatment? (T1, 
T2, T3) 

 Better mental HRQoL –> less 
stigma on Item 3 (incremental 
change T1, T2, T3) 

 Better mental HRQoL –> more 
comfort on Item 6: How 
comfortable would you be 
talking about your mental 
health or alcohol abuse 
problems with a counselor or 
mental health professional? 
(T1, T2, T3) 

 Presence of mental health 

 Significant decrease in 
Perceived Stigma 

 No change in Comfort 
Level 
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stigma –> more stigma on 
Item 3 (T1, T2, T3) 

 Presence of alcohol use 
stigma –> more stigma on 
Item 3 (T1, T2, T3) 

Chapter 
6 

HIV/AIDS      
(n = 403) 

MOS-HIV 
[15] 

 Health Distress (recalibration) 
– more inclined to report 
lower health distress at T1 

 Emotional Functioning 
(recalibration) – more inclined 
to report lower emotional 
functioning at T2, T3 & T4 

 Lower CD4-cell count –>  
better Emotional Functioning 
(T1,T2, T3, T4) 

 Lower CD4-cell count –> 
worse Role Functioning (T1) 
better Role Functioning (T2, 
T3 & T4) 

 Significant increase in 
Physical and Mental 
HRQoL 

Chapter 
7 

Lung cancer  
(n = 216) 

EORTC QLQ-
C30 [14] 
and EORTC-
LC13 [16] 

 Procedure 1:  Emotional 
Functioning (recalibration) - 
more inclined to report lower 
emotional functioning at T1 

 Procedure 2: Dyspnea 
(recalibration) - more inclined 
to report worse dyspnea at T1 

 Procedure 2: Nausea 
(recalibration) - more inclined 
to report worse nausea at T2 

No additional exogenous variables 
included in model – not 
applicable 

 Procedure 1: No 
significant change in 
Physical or Mental HRQoL 

 Procedure 2: Significant 
change in Physical and 
not in Mental HRQoL 

Note: T refers to the measurement occasion  
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In the introduction, Chapter 1, we presented the background and aims 

of the thesis. The general consensus among psychometricians and applied 

researchers is that measurement invariance is prerequisite for comparisons of 

HRQoL over time. When measurement invariance is violated and response shift 

and/or measurement bias is present, the assessment of change is compromised. 

Despite this general consensus, we do not know the best way to test 

measurement invariance, which factors will affect measurement bias and 

response shift and under what circumstances these factors play a role. Hence, the 

general objectives of this thesis were to investigate measurement invariance in 

existing sets of HRQoL data in diverse patient populations, to account for any 

measurement biases or response shifts identified, and assess true effects on 

unbiased HRQoL. To achieve this, structural equation modeling (SEM) was used. 

In applying the procedure outlined by Oort [1] to the data used in this thesis we 

anticipated that methodological problems would arise. As a result, our secondary 

aim was to address some of these problems in two methodological papers that 

used empirical examples to illustrate the problem. 

In Chapters 2 – 5 we applied SEM to investigate measurement bias and 

response shift in diverse patient populations. In Chapter 2 we illustrated two 

perspectives of measurement bias and response shift that were proposed by Oort 

et al [2], the measurement and conceptual perspectives. From the measurement 

perspective, the focus is on bias in the measurement of HRQoL, and from the 

conceptual perspective the focus is on bias in the explanation of HRQoL. We 

illustrate both perspectives using HRQoL data collected from patients with breast, 

lung, pancreatic and esophageal cancer before and after surgery. Using SEM we 

were able to investigate the presence of measurement bias, response shift in 

measurement, explanation bias, and response shift in explanation. Additional 

exogenous variables that we considered included: cancer site, health status, sex, 

age, optimism, and social comparison. We identified six measurement biases. Five 

of these were considered response shift, with two reconceptualizations of the 

domains bodily pain and general health, and three direct effects between sex, 

optimism, upward comparison and general health. The direct effect between age 

and physical functioning was constant over time, and therefore not considered 
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response shift, but bias. Both general health and physical functioning should 

measure HRQoL exclusively, but actually were indicative of the above mentioned 

patient characteristics. Two explanation biases were found that suggested 

optimism and upward comparison directly affect the latent variable Mental 

HRQoL, independent of patients’ actual health conditions. These effects were 

stable over time. Using the procedure outlined by Oort [1] and extending it to 

include additional exogenous variables [2], we were able to model both the 

measurement and conceptual perspectives. 

For the remaining chapters we only focused on the measurement 

perspective of testing measurement invariance. In Chapter 3 we illustrated the 

flexibility of SEM. Two different questionnaires, one related to disability (the 

Disability Scales, Study 1) and the other to HRQoL (the SF-12, Study 2), were 

measured over three measurement occasions. Patients were newly diagnosed 

multiple sclerosis patients who were enrolled in a large registry (North American 

Research Committee on Multiple Sclerosis). In Study 1, the measurement 

occasions were random and were accounted for by introducing time since 

diagnosis as an exogenous variable. Health state was operationalized as fixed 

group membership and thus multiple covariance matrices were included for each 

health state group. In Study 2, measurement occasions were fixed. Health state 

was operationalized as time-varying covariates, accounted for by exogenous 

variables relapse (yes/no) and symptoms (worse/same/better). Overall, in Study 

1, progressive and relapsing patients reported greater disability than stable 

patients but there was little longitudinal change. We did find recalibration 

response shift in the sensory disability item of the Performance Scales, indicating 

that stable and relapsing patients initially overestimated their sensory disability.  

In Study 2, relapse and symptoms were associated with overall HRQoL, a 

response shift was present, though difficult to interpret, and mental health and 

vitality were biased with respect to age. No true change in HRQoL was found.  

 

In Chapter 4 we tested measurement invariance in a cross sectional 

sample of cancer patients who were about to undergo radiotherapy for the first 

time. Our aim was to identify whether valid comparisons for HRQoL could be 
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made with respect to the patient characteristics of age, sex, previous treatment 

for cancer, and information regarding treatment preferences using the EORTC 

QLQ C30. We believed that valid comparisons may not be possible due to the 

heterogeneity of the sample, making it highly likely that HRQoL scores would be 

biased. As the sample was small, we tested invariance using restricted factor 

analysis rather than multiple-group SEM and included additional variables as 

exogenous variables. The results indicated that there were two violations of 

invariance, these violations were associated with age and previous treatment. 

Older patients reported worse physical functioning, and patients who had 

received treatment prior to radiotherapy reported worse emotional functioning 

given their overall latent Functioning of HRQoL. Prior to accounting for bias, the 

model was not interpretable due to poor fit; the inclusion of the direct effects led 

to a substantial improvement in overall model fit and a model that could be 

interpreted. 

The final paper in the applied section is Chapter 5. In this chapter our 

focus was on perceived stigma in primary care patients with depression/anxiety 

symptoms and/or at-risk drinking behaviors. Patients were randomized into two 

models of care, enhanced referral or integrated care. Stigma was measured using 

the SAMSHA Mental Health and Alcohol Abuse Stigma Assessment over three 

measurement occasions. We used SEM to conduct a longitudinal multi-group 

(treatment groups) analysis. We also included additional exogenous variables that 

allowed us to investigate bias in relation to the wording of items and a number of 

patient characteristics. The results suggested that a two-factor measurement 

model (Perceived Stigma and Comfort Level) fit the data. One item (item 4) 

measuring whether it would be difficult for the respondent to start treatment if 

others knew they were to have treatment was identified as exhibiting 

recalibration response shift. Considering the impact of response shift and true 

change on observed change for this item, we see that the observed change is 

almost fully attributable to response shift. Additionally, four biases were found 

regarding Item 3 which assessed whether the respondents believe people would 

think differently of them if they received treatment. This indicates that Item 3 is 

perhaps too general and certain respondent characteristics had undue influence 
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on their responses to this item. Finally, bias was found on Item 6, which assessed 

respondents comfort in talking to a mental health provider. People with higher 

mental HRQoL felt more comfortable even when Comfort Level was held 

constant. While these findings provided insight into the psychometric qualities of 

the Stigma Assessment, accounting for these biases had little impact on change in 

Perceived Stigma and Comfort Level over time. Perceived Stigma decreased in 

both groups over time at a comparable rate. Comfort Level did not significantly 

change over time for either treatment group. 

In Chapters 6 and 7 methodological issues were considered and 

explored. In Chapter 6 we reconsidered Oort’s [1] original four step procedure, 

and proposed a three step procedure to investigate measurement bias and 

response shift, using SEM. These are: (1) Establishing a measurement model, (2) 

Testing measurement invariance across measurement occasions, and (3) Testing 

measurement invariance with respect to exogenous variables. We not only 

focused on providing a detailed description of these three steps, but in proposing 

these steps, we also attempted to guard against chance findings and to 

circumvent the constraint interaction. If either of these problems are ignored, 

incorrect conclusions regarding bias and change in the common factor means 

may be drawn. To illustrate these three steps we investigated measurement 

invariance in a sample of HIV patients, where HRQoL was measured over four bi-

annual measurement occasions. In this illustrative example we identified two 

instances of response shift in Step 2: biased factor loadings and intercepts of both 

‘Health Distress’ and “Energy and Fatigue”, which were primarily due to 

recalibration. In Step 3 we found one instance of response shift and one of bias: 

the direct effects between CD4-cell count and Role Functioning were considered 

to be response shift, whereas the direct effects between CD-4 cell count and 

Emotional Functioning were stable over time and not considered response shift. 

In both steps the response shifts identified were difficult to interpret. However, 

test taking itself can have an effect on response behavior, which may change with 

time. The respondents may have become more accustomed to both their disease 

and taking the test, which perhaps led to response shift. Regardless, we believe 
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that this new procedure does help to safeguard against chance findings and the 

constraint interaction was successfully avoided. 

In Chapter 7 we investigated two different procedures that can be used 

to test measurement invariance. Both procedures were argued for on theoretical 

grounds and then applied to an illustrative example of longitudinal data from lung 

cancer patients. The first procedure extended the traditional use of modification 

by incorporating the suggestions of Saris, Satorra and Van der Veld [3]. They 

suggest including the expected parameter change and the power of the 

modification indices to assess bias. The second procedure presented is an 

extension of our three step procedure presented in Chapter 6. We extended the 

procedure by calculating standardized observed parameter changes as an 

additional safeguard against chance findings. The standardized observed 

parameter change values provide information regarding the substantive change 

in parameters between the fully constrained parameters and the parameters that 

have been freed to be estimated. The results from the illustrative example 

differed between procedures with regard to the parameters associated with 

response shift and the conclusions about change in the common factor means. 

We concluded that these differences were primarily associated with the two 

major differences between procedures. The first difference concerns testing 

parameters as single or multiple parameters. The other difference is related to 

relying on expected or on observed parameter change.  

In the last chapter, Chapter 8, we provide a general discussion of the 

findings of this thesis. In addition to this, we discuss limitations of the studies, and 

what is still unknown that could lead to future research.  
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Samenvatting 
 

In de introductie, Hoofdstuk 1, presenteerden we de achtergrond en doelen van 

dit proefschrift. Over het algemeen zijn psychometrici en toegepaste onderzoekers het 

erover eens dat meetinvariantie een eerste vereiste is om herhaalde metingen van 

gezondheidsgerelateerde kwaliteit van leven (Health-Related Quality of Life, HRQoL) met 

elkaar te vergelijken. Wanneer de aanname van meetinvariantie wordt geschonden, 

resulterend in response shift of measurement bias, dan komt de meting van verandering in 

het geding. Hoewel men het over het algemeen eens is over de noodzaak van 

meetinvariantie, is nog niet bekend hoe meetinvariantie het beste kan worden getoetst. 

Ook weten we niet welke factoren invloed hebben op measurement bias en response shift, 

en onder welke omstandigheden deze factoren een rol spelen.  

De belangrijkste doelen van dit proefschrift waren daarom: (1) Meetinvariantie 

te onderzoeken in bestaande bestanden van HRQoL data in verschillende 

patientenpopulaties, (2) Measurement bias en response shift te verklaren wanneer de 

aanname van meetinvariantie wordt geschonden en (3) Daadwerkelijke effecten op 

zuivere HRQoL te meten. Om dit alles te bereiken werd gebruik gemaakt van Structural 

Equation Modeling (SEM). We verwachtten methodologische problemen wanneer we de 

procedure zoals geschetst door Oort [1] op deze data zouden toepassen. Daarom was ons 

secundaire doel dergelijke problemen te bespreken in twee methodologische artikelen, 

met gebruikmaking van empirische voorbeelden ter illustratie van het probleem.  

In Hoofdstuk 2-5 pasten we SEM toe om measurement bias en response shift te 

onderzoeken in verschillende patiëntenpopulaties. In Hoofdstuk 2 illustreerden we twee 

benaderingen van measurement bias en response shift, die werden voorgedragen door 

Oort et al. [2]: het meetperspectief, en het conceptuele perspectief. Vanuit het 

meetperspectief ligt de focus op measurement bias bij de meting van HRQoL, terwijl vanuit 

het conceptuele perspectief de focus ligt op measurement bias bij de conceptualisering 

van HRQoL. We illustreren beide perspectieven met gebruik van HRQoL metingen (de SF-

36 vragenlijst) verzameld onder patiënten met borst-, long-, alvleesklier- en 

slokdarmkanker, voor en nadat zij geopereerd werden. Met gebruik van SEM konden we 

onderzoeken of er sprake was van measurement bias, response shift in de meting, 

measurement bias in de conceptualisering en response shift in de verklaring van HRQoL. 

Andere exogene variabelen die we in acht namen waren: het type kanker, 

gezondheidsstatus, geslacht, leeftijd, optimisme, en sociale vergelijking. We vonden zes 

measurement biases in de meting. Vijf daarvan konden worden beschouwd als response 
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shift: twee domeinen, namelijk ‘lichamelijke pijn’ en ‘algemene gezondheid’, werden na 

verloop van tijd verschillend geconceptualiseerd, en voor drie variabelen, namelijk 

geslacht, optimisme en opwaartse vergelijking, bestond een directe relatie met ‘algemene 

gezondheid’. De directe relatie tussen leeftijd en ‘fysiek functioneren’ was constant over 

de tijd, en werd daarom niet als response shift, maar als measurement bias beschouwd. 

Zowel ‘algemene gezondheid’ als ‘fysiek  functioneren’ zouden uitsluitend HRQoL moeten 

meten, maar voorspelden in werkelijkheid de bovengenoemde patiëntenkenmerken. Er 

werden twee measurement biases in de verklaring gevonden, die suggereerden dat 

optimisme en opwaartse vergelijking een directe invloed hebben op de latente variabele 

Mentale HRQoL, onafhankelijk van de daadwerkelijke gezondheidstoestand van patiënten. 

Deze effecten waren stabiel in de loop van de tijd. Met behulp van de door Oort [REF] 

voorgestelde procedure, en door deze procedure uit te breiden zodat aanvullende 

exogene variabelen konden worden toegevoegd [REF], waren we in staat om deze twee 

benaderingen te modelleren. 

In de resterende hoofdstukken richtten we ons alleen op het meetperspectief 

voor het testen van meetinvariantie. In Hoofstuk 3 illustreerden we de flexibiliteit van 

SEM. Twee verschillende vragenlijsten, één gerelateerd aan beperkingen (de ‘Disability 

Scales’, Studie 1), en de ander aan HRQoL (de ‘SF-12’, Studie 2), werden afgenomen op drie 

verschillende meetmomenten. De steekproef bestond uit patiënten met een recente 

diagnose van multiple sclerose, die waren opgenomen in een groot register (‘North 

American Research Committee on Multiple Sclerosis’). In Studie 1 waren de 

meetmomenten willekeurig, en werden deze bepaald door de verstreken tijd sinds de 

diagnose als exogene variabele toe te voegen. We onderscheidden vaste groepen op basis 

van patronen in de verandering van gezondheidsstatus over de tijd. Daarom werden, voor 

iedere groep met een verschillende gezondheidsstatus, meerdere covariantie-matrices in 

het model opgenomen. In Studie 2 werden de meetmomenten vastgelegd. 

Gezondheidsstatus werd geoperationaliseerd als tijdsvariabele covariaten die werden 

verklaard door de exogene variabelen ‘terugval’ (ja/nee) en ‘symptomen’ 

(slechter/onveranderd/beter). Over het algemeen rapporteerden in Studie 1 progressieve 

en recidiverende patiënten meer beperkingen dan stabiele patiënten, maar was er weinig 

longitudinale verandering. Wel vonden we response shift in de vorm van recalibratie in het 

item over sensorische beperking uit de ‘Performance Scales’. Dit suggereert dat stabiele en 

recidiverende patiënten in eerste instantie hun sensorische beperkingen overschatten. In 

Studie 2 hingen recidivering en symptomen samen met Algemene HRQoL. Response shift 

was aanwezig, maar moeilijk te interpreteren. ‘Mentale gezondheid’ en ‘vitaliteit’ waren 
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vertekend met betrekking tot leeftijd. Er werd geen daadwerkelijke verandering in de SF-

12 scores gevonden.  

In Hoofdstuk 4 testten we meetinvariantie in een cross-sectionele steekproef 

van kankerpatiënten die op het punt stonden voor de eerste keer radiotherapie te 

ondergaan. Ons doel was om na te gaan of geldige vergelijkingen van HRQoL konden 

worden gemaakt met betrekking tot de patiëntenkenmerken leeftijd, geslacht, eerdere 

behandeling voor kanker en informatie over behandelvoorkeuren, gebruik makend van de 

EORTC QLQ C30 vragenlijst. We veronderstelden dat geldige vergelijkingen wellicht niet 

mogelijk waren gezien de heterogene samenstelling van de steekproef, waardoor het 

aannemelijk was dat HRQoL scores vertekend zouden zijn. Aangezien de steekproef klein 

was gebruikten we voor het testen van meetinvariantie restrictieve factoranalyse in plaats 

van multigroep SEM. Daarbij voegden we verschillende kenmerken toe als exogene 

variabelen. De resultaten suggereerden dat meetinvariantie op twee manieren 

geschonden werd, samenhangend met leeftijd en eerdere behandeling voor kanker. 

Oudere patiënten rapporteerden slechter  fysiek functioneren, en patiënten die al 

voorafgaand aan de radiotherapie waren behandeld rapporteerden slechter emotioneel 

functioneren dan verwacht zou worden op basis van hun scores op de 

functioneringsschalen. Voordat rekening werd gehouden met vertekeningen was het 

model niet te interpreteren doordat het slecht op de data paste. Wanneer directe relaties 

werden toegevoegd paste het model substantieel beter, waardoor het beter kon worden 

geïnterpreteerd.  

Het laatste hoofdstuk in het toegepaste onderdeel van dit proefschrift is 

Hoofdstuk 5. In dit hoofdstuk richtten wij ons op de mate waarin patiënten met 

depressieve of angstsymptomen en/of drankmisbruik in de eerstelijnszorg zich 

gestigmatiseerd voelen. Patiënten werden willekeurig over twee zorgmodellen verdeeld, 

afhankelijk van of zij extern (naar een andere instelling) of intern (binnen dezelfde 

instelling) werden doorverwezen. Stigmatisering werd gemeten met de ‘SAMSHA Mental 

Health and Alcohol Abuse Stigma Assessment’, op drie verschillende meetmomenten. Met 

behulp van SEM voerden we een longitudinale analyse uit met meerdere groepen (voor de 

verschillende behandelgroepen). We voegden ook exogene variabelen toe om te kunnen 

onderzoeken of er vraagonzuiverheid bestond in relatie tot de formulering van items en 

een aantal patiëntenkenmerken. De resultaten duidden erop dat een meetmodel met 

twee factoren (Ervaren Stigmatisering en Gemaksniveau) op de data paste. Eén item (Item 

4) bleek response shift te vertonen, in de vorm van recalibratie. Dit item toetste of het 

voor de respondent lastig zou zijn om met de behandeling te beginnen wanneer anderen 
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ervan op de hoogte waren dat ze behandeld zouden worden. Wanneer we beschouwen 

wat het effect van response shift, en dat van zuivere verandering is op de geobserveerde 

verandering voor dit item, zien we hier dat de geobserveerde verandering bijna volledig 

toe te schrijven is aan response shift. Bovendien werden vier measurement biases 

gevonden bij Item 3, dat vaststelt of respondenten geloven dat mensen anders over hen 

zouden denken wanneer zij zouden weten dat ze behandeld waren. Deze measurement 

biases wijzen erop dat Item 3 misschien te algemeen is, en dat bepaalde 

patiëntenkenmerken teveel invloed hadden op de antwoorden op dit item. Tenslotte 

vonden we measurement bias in Item 6, dat het gemak meet waarmee respondenten 

spreken met een hulpverlener uit de geestelijke gezondheidszorg. Mensen met een betere 

Mentale HRQoL voelden zich meer op hun gemak, zelfs wanneer het Gemaksniveau 

constant werd gehouden. Deze bevindingen geven inzicht in de psychometrische 

eigenschappen van de ‘Stigma Assessment’. Echter, wanneer rekening werd gehouden met 

deze measurement bias had dat weinig effect op de verandering in de Ervaren 

Stigmatisering en het Gemaksniveau in de loop van de tijd. Ervaren Stigmatisering 

verminderde na verloop van tijd voor beide groepen in ongeveer gelijke mate. Het 

Gemaksniveau veranderde voor geen van beide groepen significant in de loop van de tijd.  

In de Hoofdstukken 6 en 7 werden methodologische kwesties beschouwd en 

onderzocht. In Hoofdstuk 6 werd de oorspronkelijke vierstapsprocedure van Oort [1] 

herzien, en werd een driestapsprocedure geopperd voor het meten van response shift en 

measurement bias in de meting, gebruikmakend van SEM. Deze drie stappen zijn: (1) Het 

vaststellen van een meetmodel, (2) Het toetsen van meetinvariantie over verschillende 

meetmomenten en (3) Het toetsen van meetinvariantie met betrekking tot exogene 

variabelen. Elk van deze drie stappen werd gedetailleerd beschreven. Daarnaast 

probeerden we met behulp van deze drie stappen kansbevindingen zoveel mogelijk te 

voorkomen en constraint interaction te omzeilen. Wanneer deze beide problemen worden 

genegeerd zou men onterechte conclusies kunnen trekken over measurement bias en 

veranderingen in de gemiddelden van gemeenschappelijke factoren. Om de 

bovengenoemde drie stappen te illustreren onderzochten we meetinvariantie in een 

steekproef van HIV patiënten, bij wie HRQoL op vier halfjaarlijkse momenten was 

gemeten. In dit voorbeeld ter illustratie stelden we vast dat in twee gevallen response shift 

optrad bij Stap 2: vertekende factorladingen en snijpunten van zowel 

Gezondheidsproblemen en Energie en Vermoeidheid, die voornamelijk werden 

veroorzaakt door recalibratie. Bij Stap 3 vonden we één geval van response shift en één 

geval van measurement bias: de directe relatie tussen het gehalte CD-4 cellen en 
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Rolfunctioneren konden als response shift worden beschouwd, terwijl de directe relatie 

tussen het gehalte CD-4 cellen en Emotioneel Functioneren stabiel waren in de loop van de 

tijd en daarom niet als response shift werden beschouwd. In beide stappen was de 

response shift die we waarnamen lastig te interpreteren. Echter, het invullen van de test 

zou op zichzelf al effect kunnen hebben op het antwoordgedrag en daarmee in 

measurement bias resulteren. Het is mogelijk dat de respondenten meer gewend zijn 

geraakt aan zowel hun ziekte als aan het invullen van de test, waardoor mogelijk response 

shift is opgetreden. Hoe dan ook, we menen dat de nieuwe procedure bijdraagt aan het 

beschermen tegen kansbevindingen, en dat hiermee constraint interaction  succesvol kon 

worden vermeden. 

In Hoofdstuk 7 onderzochten we twee verschillende procedures die kunnen 

worden gebruikt om meetinvariantie te toetsen. De theoretische basis voor beide 

procedures werd uiteengezet, waarna ze werden toegepast op een voorbeeld ter 

illustratie met longitudinale data van longkankerpatiënten. De eerste procedure breidt het 

gangbare gebruik van modificatie-indices uit door het toevoegen van de aanbevelingen 

van Saris, Satorra en Van Der Veld [3]. Deze auteurs bevelen aan om, voor het vaststellen 

van vraagonzuiverheden, het onderscheidingsvermogen van modificatie-indices en de 

verwachtte verandering van parameters mee te wegen. De tweede procedure die wordt 

beschreven vormt een uitbreiding van onze driestapsprocedure die we uiteenzetten in 

Hoofdstuk 6. We breidden deze werkwijze uit met het berekenen van gestandaardiseerde 

geobserveerde veranderingen in parameters, als extra bescherming tegen 

kansbevindingen. De waarden van deze gestandaardiseerde geobserveerde verandering 

geven informatie over de substantiële verandering van parameters, tussen vrije en 

gefixeerde parameters. De resultaten van ons voorbeeld verschilden voor beide 

procedures, met betrekking tot zowel de parameters die samenhingen met response shift, 

als de conclusies over verandering in de gemiddelden van gemeenschappelijke factoren. 

We concludeerden dat deze verschillen voornamelijk ontstonden door twee verschillen 

tussen de procedures. Het eerste verschil betreft het toetsen van enkele versus meerdere 

parameters. Het tweede verschil betreft of men zich baseert op de verwachte, of op de 

geobserveerde verandering in parameters. 

In de algemene discussie, Hoofdstuk 8, worden de bevindingen van dit 

proefschrift besproken. Daarnaast bespreken we de beperkingen van de studies, en zaken 

die nog niet onderzocht zijn en tot vervolgonderzoek zouden kunnen leiden. 
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