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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 
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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 



 

 

 

 

1
7

3
 

 
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 

 

5
.5

5
.7

5
.9

6
.1

6
.3

6
.5

Baseline Follow-up
Measurement Occasions

Before accounting for bias

Procedure 1 - after accounting for bias

Procedure 2 - after accounting for bias

Mental Health-Related Quality-of-Life Means

 
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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