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Preface
As with each of my previous introductory structural equation model-
ing (SEM) books, my overall goal here is to provide my readers with a 
nonmathematical introduction to the basic concepts associated with this 
methodology, and to illustrate its basic applications using the Mplus pro-
gram. All applications in this volume are based on Mplus 6, the most cur-
rent version of the program at the time this book went to press. Although 
it is inevitable that newer versions of the program will emerge at some 
later date, the basic principles covered in this first edition of the book 
remain fully intact.

This book is specifically designed and written for readers who may 
have little to no knowledge of either SEM or the Mplus program. It is 
intended neither as a text on the topic of SEM, nor as a comprehensive 
review of the many statistical and graphical functions available in the 
Mplus program. Rather, my primary aim is to provide a practical guide 
to SEM using Mplus. As such, readers are “walked through” a diversity of 
SEM applications that include confirmatory factor analytic (CFA) and full 
latent variable models tested on a wide variety of data (single/multiple-
group; normal/non-normal; complete/incomplete; continuous/ordinal), 
and based on either the analysis of covariance structures, or on the analy-
sis of mean and covariance structures. Throughout the book, each applica-
tion is accompanied by numerous illustrative “how to” examples related 
to particular procedural aspects of the program. All of the data files used 
for the applications in this book can be downloaded from http://www.
psypress.com/9781848728394 or http://www.psypress.com/sem-with-
mplus/datasets. In summary, each application is accompanied by the 
following:

•	 statement of the hypothesis to be tested
•	 schematic representation of the model under study
•	 full explanation bearing on related Mplus model specification input 

files
•	 full explanation and interpretation of related Mplus output files
•	 published reference from which the application is drawn
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xii Preface

•	 illustrated use and function of the Language Generator option
•	 data file upon which the application is based

The book is divided into four major sections. A brief outline of each 
section and of its encompassing chapters is as follows:

Section I
This initial section comprises two introductory chapters. In Chapter 1, I 
introduce you to the basic concepts associated with SEM methodology, 
and then familiarize you with SEM symbol notation, the process of model-
building, visible and nonvisible model components, and the formulation 
of covariance and mean structure modeling. Finally, I provide you with a 
general overview of Mplus notation and illustrate its application to three 
very simple models.

Chapter 2 focuses solely on the Mplus program. Here, I familiarize you 
with the lexicon and structuring of Mplus input files, identify the 10 key 
commands used in building these files, note the availability of several ana-
lytic and output options, acquaint you with the Mplus Language Generator 
facility, identify important default settings, and alert you to the provision 
of a graphics module designed for use in displaying observed data and 
analytic results. Along the way, I address the issue of model (or statisti-
cal) identification, demonstrate the calculation of degrees of freedom based 
on covariance, as well as mean structures, and distinguish between over-, 
just-, and under-identified models and their resulting implications. Finally, 
because I consider it imperative that you fully comprehend the link between 
model specification as described in the Mplus input, as well as schematically 
portrayed in its related model, I walk you through specifications associ-
ated with three simple, albeit diverse model examples: (a) a first-order CFA 
model, (b) a second-order CFA model, and (c) a full latent variable model.

Section II
This section is devoted to applications involving only single-group analy-
ses. Chapter 3 involves specification of a first-order CFA model represent-
ing the multidimensional structure of a theoretical construct and outlines 
the steps involved in testing the validity of its postulated structure. In this 
first application, I walk you through each stage involved in building the 
related Mplus input file based on use of the Language Generator, illustrate 
how to run the job, and provide a detailed explanation of all results pre-
sented in the output file. Included here is a description of each goodness-
of-fit statistic reported by Mplus, together with a complete breakdown of 
its computation.
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In Chapter 4, we examine another first-order CFA model, albeit this time, 
as it relates to the hypothesized structure of a well-established measuring 
instrument. In contrast to the model tested in Chapter 3, the one tested here 
exhibits strong evidence of model misspecification. As such, I subsequently 
walk you through various stages of the post hoc model-fitting process in an 
attempt to establish a better-fitting model that is not only statistically viable 
and substantively meaningful, but also addresses the issue of scientific par-
simony. Important caveats are noted throughout this model-fitting phase. 
Given that the data used here are non-normally distributed, I alert you to 
use and specification of the appropriate estimator and also outline how to 
obtain values related to skewness and kurtosis in Mplus.

Chapter 5 introduces you to the testing of a second-order CFA model 
representing the hypothesized structure of a measuring instrument based 
on data that are both ordinal and non-normally distributed. The basic 
concepts, underlying theory and statistical assumptions associated with 
the analysis of categorical data are described, and the general analytic 
strategies involving various estimators are reviewed. In the interest of 
both completeness and relevance (given a review of SEM applications in 
the literature), I walk you through two analyses of the same data: (a) with 
the categorical variables treated as if they are of a continuous scale, and 
(b) with the categorical nature of the variables taken into account. Along 
the way, I introduce you to the presence of a condition code error and 
illustrate how and why it relates to a problem of model identification.

Chapter 6 presents the final single-group application in this section. 
Here, I walk you through the various stages involved in testing the valid-
ity of a full latent variable model that represents an empirically-derived 
causal structure. In dissecting component parts of this model, I introduce 
and briefly address the topic of parceling. Finally, as part of a lengthy set 
of post hoc model-fitting analyses, I address the issue of model compari-
son and work through a detailed computation breakdown of the robust 
chi-square difference test that must be used when data are non-normally 
distributed.

Section III
Three applications related to multiple-group analyses are presented in 
this section - two are rooted in the analysis of covariance structures and 
one in the analysis of mean and covariance structures. In Chapter 7, I intro-
duce you to the basic notion of measurement and structural invariance 
(i.e., equivalence), as well as to the basic testing strategy. Based only on the 
analysis of covariance structures, I show you how to test for measurement 
and structural equivalence across groups with respect to a measuring 
instrument; we test for the equivalence of factor loadings and common 
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error residuals, as well as factor variances and covariances. In addition, 
given a slightly different slant to the same idea, I once again walk you 
through computation of the robust chi-square difference test.

In Chapter 8, we work from a somewhat different perspective that 
encompasses the analysis of mean and covariance structures. Here, I first 
outline basic concepts associated with the analysis of  latent mean struc-
tures and then continue on to illustrate the various stages involved in 
testing for latent mean differences across groups. Given that one group 
comprises incomplete data, I address the issue of missingness and outline 
the many estimation options available in Mplus. Along the way, I intro-
duce you to the issues of partial measurement invariance, under-identifi-
cation pertinent to the number of estimated intercepts, and evaluation of 
invariance based on a practical, rather than statistical, perspective.

Chapter 9 addresses the issue of cross-validation and illustrates tests 
for the equivalence of causal structure across calibration and validation 
samples. In this chapter, as well as elsewhere in the book, I discuss the 
issue of a Heywood case and, in the interest of parameter clarification, 
urge specification of a particular TECH option in the OUTPUT command.

Section IV
In this final section, we examine three models that increasingly are becom-
ing of substantial interest to SEM practitioners and researchers. Chapter 10 
addresses the issue of construct validity and illustrates the specification 
and testing of a multitrait-multimethod (MTMM) model. More specifi-
cally, we work through two CFA approaches to MTMM analyses based 
on (a) the general CFA approach, and (b) the correlated uniquenesses CFA 
approach.

Chapter 11 focuses on longitudinal data and presents a latent growth 
curve (LGC) model. Following an introduction to the general notion of 
measuring change over time, I walk you through the testing of a dual 
domain LGC model that is tested with and without predictor variables. 
Along the way, we examine application of the Plot option in the OUTPUT 
command, and interpret results from several different perspectives.

Finally, in Chapter 12, I acquaint you with the notion of multilevel SEM 
analyses. Following an overview of multilevel modeling (MLV) in general, 
comparison of single-level and multilevel approaches to the analyses, and 
review of recent advances in the estimation of MLVs, we test for the validity 
of a two-level model representing the hypothesized structure of a measur-
ing instrument based on data for 27 geographically diverse cultural groups.

Although there are now several SEM texts available, the present 
book distinguishes itself from the rest in a number of ways. First, it is the 
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only book to demonstrate, by application to actual data, a wide range of 
CFA and full latent variable models drawn from published studies and 
accompanied by a detailed explanation of each model tested, as well as 
the resulting output files. Second, it is the only book to incorporate appli-
cations based solely on the Mplus program. Third, it is the only book to 
literally “walk” readers through: (a) model specification, estimation, 
evaluation, and post hoc modification decisions and processes associated 
with a variety of applications, (b) competing approaches to the analysis of 
multiple-group and MTMM models, and of categorical/continuous data, 
based on the Mplus program, (c) illustrated applications of the optional 
Mplus Plot and Tech OUTPUT commands, together with interpretation 
of their results, and (d) a step-by-step application of the Mplus Language 
Generator facility. Overall, this volume serves well as a companion book 
to the Mplus user’s guide (Muthén & Muthén, 2007-2010), as well as to any 
statistics textbook devoted to the topic of SEM.

In writing a book of this nature, it is essential that I have access to a 
number of different data sets capable of lending themselves to various 
applications. To facilitate this need, all examples presented throughout 
the book are drawn from my own research. Related journal references are 
cited for readers who may be interested in a more detailed discussion of 
theoretical frameworks, aspects of the methodology, and/or substantive 
issues and findings. It is important to emphasize that, although all appli-
cations are based on data that are of a social/psychological nature, they 
could just as easily have been based on data representative of the health 
sciences, leisure studies, marketing, or a multitude of other disciplines; 
my data, then, serve only as one example of each application. Indeed, I 
urge you to seek out and examine similar examples as they relate to other 
subject areas.

Although I have now written seven of these introductory SEM books 
pertinent to particular programs (Byrne, 1989, 1994c, 1998, 2001, 2006, 2009), 
including the present volume (2011), I must say that each provides its own 
unique learning experience. Without question, such a project demands 
seemingly endless time and is certainly not without its frustrations. 
However, thanks to the incredibly rapid and efficient support provided 
by Linda Muthén via the Mplus Support Services (http://www.statmodel.
com/support), such difficulties were always quickly resolved. In weaving 
together the textual, graphical, and statistical threads that form the fabric 
of this book, I hope that I have provided my readers with a comprehensive 
understanding of basic concepts and applications of SEM, as well as with 
an extensive working knowledge of the Mplus program. Achievement of 
this goal has necessarily meant the concomitant juggling of word process-
ing, “grabber”, and statistical programs in order to produce the end result. 
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It has been an incredible editorial journey, but one that has left me feeling 
truly enriched for having had yet another wonderful learning experience. 
I can only hope that, as you wend your way through the chapters of this 
book, you will find the journey to be equally exciting and fulfilling.
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chapter 4

Testing the Factorial 
Validity of Scores From 
a Measuring Instrument
First-Order Confirmatory 
Factor Analysis Model

For our second application, we once again examine a first-order confirma-
tory factor analysis (CFA) model. However, this time we test hypotheses 
bearing on a single measuring instrument, the Maslach Burnout Inventory 
(MBI; Maslach & Jackson, 1981, 1986), designed to measure three dimen-
sions of burnout, which the authors labeled Emotional Exhaustion (EE), 
Depersonalization (DP), and Reduced Personal Accomplishment (PA). The 
term burnout denotes the inability to function effectively in one’s job as a 
consequence of prolonged and extensive job-related stress: “Emotional 
exhaustion represents feelings of fatigue that develop as one’s energies 
become drained”; “depersonalization,” the development of negative and 
uncaring attitudes toward others; and “reduced personal accomplishment,” 
a deterioration of self-confidence and dissatisfaction in one’s achievements.

Purposes of the original study (Byrne, 1994a), from which this exam-
ple is taken, were to test for the validity and invariance of factorial struc-
ture within and across gender for elementary and secondary teachers. For 
the purposes of this chapter, however, only analyses bearing on the facto-
rial validity of the MBI for a calibration sample of elementary male teach-
ers (n = 372) are of interest.

CFA of a measuring instrument is most appropriately applied to mea-
sures that have been fully developed, and their factor structures validated. 
The legitimacy of CFA application, of course, is tied to its conceptual ratio-
nale as a hypothesis-testing approach to data analysis. That is to say, based 
on theory, empirical research, or a combination of both, the researcher 
postulates a model and then tests for its validity given the sample data. 
Thus, the application of CFA procedures to assessment instruments that 
are still in the initial stages of development represents a serious misuse of 
this analytic strategy. In testing for the validity of factorial structure for 

http://www.psypress.com/structural-equation-modeling-with-mplus-9781848728394

http://www.psypress.com/structural-equation-modeling-with-mplus-9781848728394


96 Structural Equation Modeling With Mplus

an assessment measure, the researcher seeks to determine the extent to 
which items designed to measure a particular factor (i.e., latent construct) 
actually do so. In general, subscales of a measuring instrument are con-
sidered to represent the factors; all items comprising a particular subscale 
are therefore expected to load onto their related factor.

Given that the MBI has been commercially marketed since 1981, is the 
most widely used measure of occupational burnout, and has undergone 
substantial testing of its psychometric properties over the years (see, e.g., 
Byrne, 1991, 1993, 1994b), it most certainly qualifies as a candidate for CFA 
research. Interestingly, until my 1991 study of the MBI, virtually all previ-
ous factor analytic work had been based on only exploratory procedures. 
We turn now to a description of this assessment instrument.

The Measuring Instrument Under Study
The MBI is a 22-item instrument structured on a 7-point Likert-type scale 
that ranges from 0 ( feeling has never been experienced) to 6 ( feeling experi-
enced daily). It is composed of three subscales, each measuring one facet 
of burnout: The EE subscale comprises nine items, the DP subscale five, 
and the PA subscale eight. The original version of the MBI (Maslach & 
Jackson, 1981) was constructed from data based on samples of workers 
from a wide range of human service organizations. Subsequently, how-
ever, Maslach and Jackson (1986), in collaboration with Schwab, developed 
the Educators’ Survey (MBI Form Ed), a version of the instrument specifi-
cally designed for use with teachers. The MBI Form Ed parallels the origi-
nal version of the MBI except for the modified wording of certain items to 
make them more appropriate to a teacher’s work environment.

The Hypothesized Model
The CFA model of MBI structure hypothesizes a priori that (a) responses 
to the MBI can be explained by three factors: EE, DP, and PA; (b) each 
item has a nonzero loading on the burnout factor it was designed to mea-
sure, and zero loadings on all other factors; (c) the three factors are cor-
related; and (d) the residuals associated with each indicator item variable 
are uncorrelated. A schematic representation of this model is shown in 
Figure 4.1.1

An important aspect of the data to be used this chapter is that they 
are somewhat nonnormally distributed. That is to say, certain item scores 
on the MBI scale tend to exhibit kurtosis values that may be regarded as 
moderately high. Thus, before examining the Mplus input file related to 
the hypothesized model shown in Figure 4.1, I wish first to address the 
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Figure  4.1. Hypothesized CFA model of factorial structure for the Maslach 
Burnout Inventory (MBI).
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issue of nonnormality in structural equation modeling (SEM) and then 
outline how this problem can be addressed using Mplus. I begin with a 
brief overview of the nonnormality issue in SEM, followed by an overview 
of the MBI item scores with respect to evidence of nonnormality. Finally, 
I outline the approach taken by Mplus in the analyses of nonnormal data.

The Issue of Nonnormality in SEM

A critically important assumption in the conduct of SEM analyses is that 
the data are multivariate normal. This requirement is rooted in large sam-
ple theory from which the SEM methodology was spawned. Thus, before 
any analyses of data are undertaken, it is always important to check that 
this criterion has been met. Particularly problematic to SEM analyses are 
data that are multivariate kurtotic, the situation where the multivariate 
distribution of the observed variables has both tails and peaks that dif-
fer from those characteristic of a multivariate normal distribution (see 
Raykov & Marcoulides, 2000). More specifically, in the case of multivariate 
positive kurtosis, the distributions will exhibit peakedness together with 
heavy (or thick) tails; conversely, multivariate negative kurtosis will yield 
flat distributions with light tails (DeCarlo, 1997). To exemplify the most 
commonly found condition of multivariate kurtosis in SEM, let’s take the 
case of a Likert-scaled questionnaire, for which responses to certain items 
result in the majority of respondents selecting the same scale point. For 
each of these items, the score distribution would be extremely peaked (i.e., 
leptokurtic); considered jointly, these particular items would reflect a mul-
tivariately positive kurtotic distribution. (For an elaboration of both uni-
variate and multivariate kurtosis, readers are referred to DeCarlo, 1997.)

Prerequisite to the assessment of multivariate normality is the need 
to check for univariate normality, as the latter is a necessary, although not 
sufficient, condition for multivariate normality (DeCarlo, 1997). Research 
has shown that whereas skewness tends to impact tests of means, kurtosis 
severely affects tests of variances and covariances (DeCarlo, 1997). Given 
that SEM is based on the analysis of covariance structures, evidence of 
kurtosis is always of concern, in particular evidence of multivariate kurto-
sis as it is known to be exceptionally detrimental in SEM analyses.

Mplus, in contrast to other SEM programs (e.g., AMOS and EQS), does 
not provide a single measure of multivariate kurtosis. However, it does 
enable the provision of actual univariate skewness and kurtosis values. 
That Mplus does not yield a coefficient of multivariate kurtosis is moot 
and in no way detracts from its capacity or approach in dealing with the 
presence of such nonnormality in the data. Rather, the omission of this 
coefficient is simply in keeping with Muthén and Muthén’s (2007–2010) 
contention that such representation based on a single number is both 
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unnecessary and somewhat meaningless given the current availability of 
robust estimators today; as such, they recommend a comparison of both 
the scaled and unscaled χ2 statistics, as well as the parameter standard 
errors (Mplus Product Support, March 4, 2010).

Although it is possible to obtain values of skewness and kurtosis 
using Mplus, the process requires a greater understanding of the program 
notation than can be expected for my readers at this early stage of the 
book. To avoid much unnecessary confusion, then, I do not include these 
details here. However, for readers who may have an interest in know-
ing how to obtain observed variable skewness and kurtosis values using 
Mplus, I present this information via a walkthrough of the process in the 
addendum at the end of this chapter.

Based on other construct validity research bearing on the MBI (Byrne, 
1991, 1993, 1994a), and as will be shown in Figure 4.8 in the addendum, it is 
evident that the data used in this application certainly exhibit evidence of 
kurtosis, an issue that must be addressed in our current analyses of MBI 
factorial structure.

In judging the extent to which kurtosis values may be indicative of 
nonnormality, we must first know the range of values expected in a nor-
mal distribution. Accordingly, when scores are normally distributed, the 
Standardized Kurtosis Index has a value of 3.00, with larger values repre-
senting positive kurtosis and lesser values representing negative kurtosis. 
However, computer programs typically rescale this value such that zero 
serves as the indicator of a normal distribution and its sign serves as the 
indicator of positive or negative kurtosis (DeCarlo, 1997; Kline, 2011; West, 
Finch, & Curran, 1995).

At this point, no doubt you are wondering how far a kurtosis 
value must deviate from zero before it can be regarded as problematic. 
Unfortunately, to date, there appears to be no clear consensus regarding 
this question (Kline, 2011) as absolute kurtosis values ranging from ± 2.0 
(Boomsma & Hoogland, 2001; Muthén & Kaplan, 1985) to ± 7.0 (West et 
al., 1995) and higher (DeCarlo, 1997) have been proposed as possible early 
departure points of nonnormality. Thus, although kurtosis values may 
appear not to be excessive, they may nonetheless be sufficiently nonnor-
mal to make interpretations based on the usual χ2 statistic, as well as the 
Comparative Fit Index (CFI), Tucker-Lewis Fit Index (TLI), and Root Mean 
Square Error of Approximation (RMSEA) indices, problematic. Thus, it is 
always best to err on the side of caution by taking this information into 
account.

In contrast to the lack of consensus regarding the point at which the 
onset of nonnormality can be considered to begin, there is strong consen-
sus that when variables demonstrate substantial nonzero univariate kur-
tosis, they most certainly will not be multivariately normally distributed. 
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As such, the presence of kurtotic variables may be sufficient enough to 
render the distribution as multivariate nonnormal, thereby violating the 
underlying assumption of normality associated with the ML method of 
estimation. Violation of this assumption can seriously invalidate statisti-
cal hypothesis testing with the result that the normal theory test statis-
tic (χ2) may not reflect an adequate evaluation of the model under study 
(Hu, Bentler, & Kano, 1992). (For an elaboration of other problems arising 
from the presence of nonnormal variables, readers are referred to Bentler, 
2005; Curran, West, & Finch, 1996; West et al., 1995.) Although alterna-
tive estimation methods have been developed for use when the normality 
assumption does not hold (e.g., asymptotic distribution-free [ADF], ellipti-
cal, and heterogeneous kurtotic), Chou, Bentler, and Satorra (1991) and Hu 
et al. (1992) contended that it may be more appropriate to correct the test 
statistic, rather than use a different mode of estimation.

Indeed, Satorra and Bentler (1988) developed such a statistic that 
incorporates a scaling correction for the χ2 statistic (subsequently 
termed the Satorra-Bentler χ2, or S-Bχ2) when distributional assump-
tions are violated; its computation takes into account the model, the 
estimation method, and the sample kurtosis values. In this regard, the 
S-Bχ2 has been shown to be the most reliable test statistic for evaluating 
mean and covariance structure models under various distributions and 
sample sizes (Curran, West, & Finch, 1996; Hu et al., 1992). The S-Bχ2 

statistic is available in Mplus when the MLM estimator is specified. As 
such, it is described as being capable of estimating ML parameter esti-
mates with standard errors and a mean-adjusted χ2 test statistic that are 
robust to nonnormality (Muthén & Muthén, 2007–2010).2 In addition, 
robust versions of the CFI, TLI, and RMSEA are also computed. That 
these statistics are robust means that their computed values are valid, 
despite violations of the normality assumption underlying the estima-
tion method.

Over and above the existence of nonnormal variables that lead ulti-
mately to the presence of multivariate nonnormality, it is now known that 
the converse is not necessarily true. That is, regardless of whether the 
distribution of observed variables is univariate normal, the multivariate 
distribution can still be multivariate nonnormal (West et al., 1995). Thus, 
from a purely practical perspective, it seems clearly reasonable always to 
base model analyses on the robust estimator if and when it is appropriate 
to do so, that is to say, as long as all conditions associated with the esti-
mation process are met within the framework of a particular program. 
For example, both the ML and MLM estimators noted in this chapter are 
appropriate for data that are continuous, and the type of analyses (within 
the framework of Mplus) can be categorized as General. On the other 
hand, in the event that the data are in any way incomplete, then the MLM 
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estimator cannot be used. (For detailed descriptions of additional robust 
estimators in Mplus, readers are referred to Muthén & Muthén, 2007–2010.)

In summary, a critically important assumption associated with applica-
tions of SEM is that the data are multivariate normal. Given that conditions 
associated with the MLM estimator (as well as other robust estimators) can 
be met, it seems perfectly reasonable to base analyses on this estimator, 
rather than on the ML estimator. Although the latter is considered to be 
fairly robust to minor evidence of nonnormality, it will certainly be less 
effective in dealing with data that may suffer from stronger levels of non-
normality. One very simple way of assessing the extent to which data might 
be nonnormally distributed is to test the model of interest on the basis of 
both estimators; that is, test it once using the ML estimator, and then test a 
second time using the MLM estimator. If the data are multivariate normal, 
there will be virtually no, or at least very little, difference between the two 
χ2 values. If, on the other hand, there is a large discrepancy in these values, 
then it is clear that the data are multivariate nonnormal, and thus use of 
the MLM estimator is the most appropriate approach to the analyses.

With this information on nonnormality in hand, let’s now move on to 
a review of analyses related to tests for the validity of hypothesized MBI 
structure as portrayed in Figure 4.1. The Mplus input file related to this 
initial test of the model is shown in Figure 4.2. However, because I wish 
to illustrate the extent to which the χ2 statistic can vary when the data are 
nonnormally distributed—and even minimally so—I present you with 
two Mplus input files: the upper one specifying analyses based on the ML 
estimator (which is default and thus not included here), and the lower one 
based on the MLM estimator.

Mplus Input File Specification 
and Output File Results
Input File 1

Turning first to the DATA command, we see that the name of the data 
file is elemm1.dat, with the format statement showing that there are 22 
variables, each of which occupies one column. From the VARIABLE com-
mand, we learn that these observed measures are labeled ITEM 1 through 
ITEM 22, and all 22 will be used in the analyses. The only difference 
between these two files is that, because ML estimation is default, there is 
no need to include the ANALYSIS command in the ML input file. In con-
trast, this command is included for the MLM file as the request for MLM 
estimation must be explicitly stated. The OUTPUT command for both files 
is the same and requests that Modification Indices (MIs) be reported in the 
output file.
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Comparison of ML and MLM Output

Model Assessment
In Figure 4.3, you will see goodness-of-fit statistics for the hypothesized 
model as they relate to the ML and MLM estimations (see file outputs on 
the left and right sides of the table, respectively). My major focus here is in 
highlighting differences between the two with respect to the χ2 statistic, 
as well as the CFI, TLI, and RMSEA indices. As you will readily observe, 

TITLE: CFA of MBI for Male Elementary Teachers (Calibration Group)
   Initial Model - ML Estimation  

DATA:
  FILE IS “C:\Mplus\Files\elemm1.dat”;
  FORMAT IS 22F1.0;

VARIABLE:
  NAMES ARE ITEM1 - ITEM22;
  USEVARIABLES ARE ITEM1 - ITEM22;

MODEL:
  F1 by ITEM1 - ITEM3 ITEM6 ITEM8 ITEM13 ITEM14 ITEM16 ITEM20; 
  F2 by ITEM5 ITEM10 ITEM11 ITEM15 ITEM22;
  F3 by ITEM4 ITEM7 ITEM9 ITEM12 ITEM17 - ITEM19 ITEM21;

OUTPUT: MODINDICES;

TITLE: CFA of MBI for Male Elementary Teachers (Calibration Group)
    Initial Model - MLM Estimation  

DATA:
  FILE IS “C:\Mplus\Files\elemm1.dat”;
  FORMAT IS 22F1.0;

VARIABLE:
  NAMES ARE ITEM1 - ITEM22;
  USEVARIABLES ARE ITEM1 - ITEM22;

ANALYSIS:
  ESTIMATOR = MLM;

MODEL:
  F1 by ITEM1 - ITEM3 ITEM6 ITEM8 ITEM13 ITEM14 ITEM16 ITEM20; 
  F2 by ITEM5 ITEM10 ITEM11 ITEM15 ITEM22;
  F3 by ITEM4 ITEM7 ITEM9 ITEM12 ITEM17 - ITEM19 ITEM21;

OUTPUT: MODINDICES;

Figure 4.2. Mplus input files based on the maximum likelihood (ML) estimator 
(upper file) and robust maximum likelihood (MLM) estimator (lower file).
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there is a fairly large χ2 discrepancy resulting from ML estimation (695.719) 
compared with that from MLM estimation (588.869). Pertinent to the latter, 
as noted earlier, the value has been corrected to take into account the non-
normality of the data. Under the MLM estimation results, note that Mplus 
has reported the scaling correction factor as being 1.181. Accordingly, this 
value multiplied by the MLM χ2 value should approximate the uncor-
rected ML χ2 value, which, indeed, it does (588.869 * 1.181 = 695.454). Given 
that values > 1.00 are indicative of distributions that deviate more than 
would be expected according to normal theory, we can interpret the value 
of 1.181 as signifying a slight elevation in the presence of scores that are 
nonnormally distributed (see Bentler, 2005).

In addition to the discrepancy in χ2 values, note also that the scal-
ing factor made a difference to both the CFI and TLI values, which are 
very slightly higher for the MLM, than for the ML estimator; likewise, the 
RMSEA value is lower. Although Mplus reports a 90% confidence interval 
for the ML estimate, no interval accompanies the robust RMSEA value.

Given that estimation of the hypothesized model based on the robust 
MLM estimator yielded results that appropriately represented the moder-
ate nonnormality of the data, all subsequent discussion related to results of 
this initial test of the model will be based on the MLM output. Accordingly, 
let’s turn once again to tests of model fit presented in Figure  4.3, albeit 
with specific attention to results for the MLM model. Although both the 
Standardized Root Mean Square Residual (SRMR; 0.070) and RMSEA 
(0.071) values are barely within the scope of adequate model fit, those for 
the CFI (0.858) and TLI (0.841) are clearly indicative of an ill-fitting model. 
To assist us in pinpointing possible areas of misfit, we examine the MIs. Of 
course, as noted in Chapter 3, it is important to realize that once we have 
determined that the hypothesized model represents a poor fit to the data 
(i.e., the null hypothesis has been rejected) and subsequently embark upon 
post hoc model fitting to identify areas of misfit in the model, we cease to 
operate in a confirmatory mode of analysis. All model specification and 
estimation henceforth represent exploratory analyses. We turn now to the 
issue of misspecification with respect to our hypothesized model.

Model Misspecification
Recall from Chapter 3 that the targets of model modification are only 
those parameters specified as constrained either to zero or to some non-
zero value, or as equal to some other estimated parameter. In this chapter, 
only parameters constrained to zero are of interest, with the primary focus 
being the factor loadings and observed variable residual covariances. As 
such, the zero factor loadings represent the loading of an item on a nontar-
get factor (i.e., a factor the item was not designed to measure). Zero values 
for the residual covariances, of course, simply represent the fact that none 
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of the item residual variances are correlated with one another. In review-
ing misspecification results for the factor loadings (listed under the BY 
statements), large MI values argue for the presence of factor cross-load-
ings (i.e., a loading on more than one factor), whereas large MIs appearing 
under the WITH statements represent the presence of residual covari-
ances. Let’s turn now to Table 4.1, where the MIs resulting from this initial 
test of the hypothesized model are reported.

Although a review of the MIs presented here reveals a few very large 
values, two in particular stand apart from the rest (MI  = 77.264; MI  = 
69.786). Both MIs signify residual covariances, with the larger of the two 
representing a residual covariance between Item 16 and Item 6, and the 
next largest representing a covariance between Item 1 and Item 2; both 
are flagged with boldface type. As you will recall from my extensive 

Table 4.1 Mplus Output: Modification Indices (MIs) for Hypothesized Model

Model Modification Indices

MI

Expected 
Parameter 

Change 
(EPC)

Standard 
EPC

StdYX 
EPC

BY Statements
→F1 BY ITEM12 35.141 −0.313 −0.400 −0.335
F2 BY ITEM12 11.992 −0.329 −0.276 −0.232
F3 BY ITEM1 24.320 0.872 0.383 0.231
F3 BY ITEM2 10.741 0.565 0.248 0.161
F3 BY ITEM13 10.712 −0.583 −0.256 −0.152

WITH Statements
→ITEM2 WITH ITEM1 69.786 0.613 0.613 0.549
ITEM6 WITH ITEM5 14.552 0.354 0.354 0.232
ITEM7 WITH ITEM4 28.298 0.209 0.209 0.324
ITEM11 WITH ITEM10 32.234 0.580 0.580 0.525
ITEM12 WITH ITEM3 13.129 −0.255 −0.255 −0.225
ITEM15 WITH ITEM5 13.190 0.313 0.313 0.243
→ITEM16 WITH ITEM6 77.264 0.733 0.733 0.529
ITEM18 WITH ITEM7 10.000 −0.145 −0.145 −0.211
ITEM19 WITH ITEM18 15.749 0.250 0.250 0.285
ITEM20 WITH ITEM8 12.029 0.230 0.230 0.240
ITEM20 WITH ITEM13 11.059 0.237 0.237 0.214
ITEM21 WITH ITEM4 11.090 0.201 0.201 0.201
ITEM21 WITH ITEM7 28.380 0.263 0.263 0.326
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explanation of this topic in Chapter 3, the MI value of 77.264, for example, 
indicates that if this parameter were to be freely estimated, the overall χ2 
statistic could decrease by approximately that amount.

Other important additional information is the expected parameter 
change (EPC) values, which, as you may recall from Chapter 3, represent 
the approximate value that a parameter is expected to attain should it be 
subsequently estimated. In the case of both residual covariances here, the 
EPC values can be considered to be extremely high (Items 16/6 = 0.733; 
Items 2/1 = 0.613) and argue strongly for their model specification.

These measurement residual covariances represent systematic rather 
than random measurement error in item responses, and they may derive 
from characteristics specific either to the items or to the respondents (Aish & 
Jöreskog, 1990). For example, if these parameters reflect item characteristics, 
they may represent a small omitted factor. If, on the other hand, they repre-
sent respondent characteristics, they may reflect bias such as yeasaying or 
naysaying, social desirability, and the like (Aish & Jöreskog, 1990). Another 
type of method effect that can trigger residual covariances is a high degree 
of overlap in item content. Such redundancy occurs when an item, although 
worded differently, essentially asks the same question. I believe the latter 
situation to be the case here. For example, Item 16 asks whether working 
with people directly puts too much stress on the respondent, whereas Item 
6 asks whether working with people all day puts a real strain on him or her.3

Although a review of the MIs related to the factor loadings reveals 
five parameters representative of cross-loadings, I draw your attention 
to the one with the highest value (MI = 35.141). This parameter, which 
represents the cross-loading of Item 12 on the EE factor, stands apart 
from the other three possible cross-loading misspecifications. Such mis-
specification, for example, could mean that Item 12, in addition to mea-
suring personal accomplishment, also measures emotional exhaustion; 
alternatively, it could indicate that, although Item 12 was postulated to 
load on the PA factor, it may load more appropriately on the EE factor.

Post Hoc Analyses

Provided with information related both to model fit and to possible areas 
of model misspecification, a researcher may wish to consider respecify-
ing an originally hypothesized model. As emphasized in Chapter 3 and 
noted earlier in this chapter, should this be the case, it is critically impor-
tant to be cognizant of both the exploratory nature of and the dangers 
associated with the process of post hoc model fitting. Having determined 
(a) inadequate fit of the hypothesized model to the sample data, and (b) 
at least two substantially misspecified parameters in the model (e.g., the 
two residual covariances were originally specified as zero), it seems both 
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reasonable and logical that we now move into exploratory mode and 
attempt to modify this model in a sound and responsible manner. Thus, 
for didactic purposes in illustrating the various aspects of post hoc model 
fitting, we’ll proceed to respecify the initially hypothesized model of MBI 
structure taking this information into account.

Model respecification that includes correlated residuals, as with other 
parameters, must be supported by a strong substantive and/or empirical 
rationale (Jöreskog, 1993), and I believe that this condition exists here. In 
light of (a) apparent item content overlap, (b) the replication of these same 
residual covariances in previous MBI research (e.g., Byrne, 1991, 1993), and 
(c) Bentler and Chou’s (1987) admonition that forcing large error terms to 
be uncorrelated is rarely appropriate with real data, I consider respecifica-
tion of this initial model to be justified. Testing of this respecified model 
(Model 2) now falls within the framework of post hoc analyses. We turn 
now to this modification process.

Testing the Validity of Model 2

Respecification of the hypothesized model of MBI structure involves the 
addition of freely estimated parameters to the model. However, because 
the estimation of MIs in Mplus is based on a univariate approach (cf. EQS 
and a multivariate approach), it is critical that we add only one parameter 
at a time to the model as the MI values can change substantially from one 
tested parameterization to another. (An excellent example of such fluctua-
tion is evidenced in Chapter 6 of this volume.) Thus, in building Model 2, it 
seems most reasonable to proceed first in adding to the model the residual 
covariance having the largest MI. Recall from Table 4.1 that this parameter 
represents the residual covariance between Items 6 and 16 and, according 
to the EPC statistic, should result in a parameter estimated value of approx-
imately 0.733. The Mplus input file for Model 2 is shown in Figure 4.4.

Input File 2

In reviewing this revised input file, note the newly specified parameter 
representing a residual covariance between Item 6 and Item 16. The only 
other change to the original input file is the title, which indicates that the 
model under study is Model 2.

Output File 2

Selected results pertinent to the testing of Model 2 are reported in Table 4.2. 
Included here are the key model goodness-of-fit statistics, as well as the esti-
mated value of the specified residual covariance between Items 6 and 16.
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Turning first to the test of model fit, we find a substantial drop in 
the MLM χ2 from 588.869 to 507.188. It is important at this time for me to 
explain that when analyses are based on ML estimation, it has become 
customary to determine if the difference in fit between the two models is 
statistically significant. As such, the researcher examines the difference in 
χ2 (Δχ2) values between the two models. Doing so, however, presumes that 
the two models are nested.4 This difference between the models is itself 
χ2 distributed, with degrees of freedom equal to the difference in degrees 
of freedom (Δdf); it can thus be tested statistically, with a significant Δχ2 
indicating substantial improvement in model fit. However, as the asterisk 
in Table 4.2 serves to remind us, when model comparisons are based on 
MLM estimation, it is inappropriate to calculate the difference between 
the two scaled χ2 values as they are not distributed as χ2. Although a 
formula is available for computing this differential (see the “Technical 
Appendices” on the Mplus website, http://www.statmodel.com; Bentler, 
2005), there is no particular need to determine this information here. (A 
detailed example of how this differential value is computed will be illus-
trated in Chapter 6.) Suffice it to say that the inclusion of this one residual 
covariance to the model made a very influential difference to the model 
fit, which is also reflected in increased values for both the CFI (from 0.858 
to 0.888) and TLI (from 0.841 to 0.874), albeit slightly lower values for the 
RMSEA (from 0.071 to 0.063) and SRMR (from 0.070 to 0.069).

Turning now to the model results in Table  4.2, we can see that the 
estimated value for the residual covariance is 0.733, exactly in tune with 

TITLE: CFA of MBI for Male Elementary Teachers (Calibration Group) 
  MLM Estimation  

DATA:
  FILE IS “C:\Mplus\Files\elemm1.dat”;
  FORMAT IS 22F1.0;

VARIABLE:
  NAMES ARE ITEM1 - ITEM22;
  USEVARIABLES ARE ITEM1 - ITEM22;

ANALYSIS:
  ESTIMATOR = MLM;

MODEL:
  F1 by ITEM1 - ITEM3 ITEM6 ITEM8 ITEM13 ITEM14 ITEM16 ITEM20; 
  F2 by ITEM5 ITEM10 ITEM11 ITEM15 ITEM22;
  F3 by ITEM4 ITEM7 ITEM9 ITEM12 ITEM17 - ITEM19 ITEM21;

  ITEM6 WITH ITEM16; 

OUTPUT: MODINDICES;

Newly specified

residual covariance

Figure 4.4. Mplus input file showing specification of the addition of a residual 
covariance between Items 6 and 16.
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the predicted EPC value. With a standard error of 0.108, the z-value of this 
parameter is 6.772 (0.733/0.108), which is highly significant. Results from 
both the fit statistics and the estimated value for the residual covariance 
between Items 6 and 16 provide sound justification for the inclusion of 
this parameter in the model.

Let’s now review the resulting MIs for Model 2, which are shown 
in Table  4.3. Here we observe that the residual covariance related to 
Items 1 and 2 remains a strongly misspecified parameter (MI = 66.418) 
in the model, with the EPC statistic suggesting that if this parameter 
were incorporated into the model, it would result in an estimated value 
of approximately 0.591, which, again, is exceptionally high. As with the 
residual covariance between Items 6 and 16, the one between Items 1 and 
2 suggests redundancy due to content overlap. Item 1 asks if the respon-
dent feels emotionally drained from his or her work, whereas Item 2 asks 
if the respondent feels used up at the end of the workday. Clearly, there 
appears to be an overlap of content between these two items.

Table 4.2 Mplus Output for Model 2: 
Selected Goodness-of-Fit Statistics and Model Results

Tests of Model Fit

Chi-Square Test of Model Fit
Value 507.188*
Degrees of freedom 205
p-value 0.0000
Scaling Correction Factor for MLM 1.179

CFI/TLI
CFI 0.888
TLI 0.874

Root Mean Square Error of Approximation (RMSEA)
Estimate 0.063

Standardized Root Mean Square Residual (SRMR)
Value 0.069

Model Results

Estimate
Standard 
Error (SE) Estimate/SE

Two-Tailed 
p-Value

ITEM6 WITH ITEM16 0.733 0.108 6.772 0.000

* The chi-square value for MLM, MLMV, MLR, ULSMV, WLSM, and WLSMV cannot be 
used for chi-square difference testing in the regular way. MLM, MLR, and WLSM chi-
square difference testing is described on the Mplus website. MLMV, WLSMV, and ULSMV 
difference testing is done using the DIFFTEST option.
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Given the strength of both the MI and EPC values for this residual 
covariance, together with the obvious overlap of item content, I recom-
mend that this residual covariance parameter also be included in the 
respecified model, which we’ll call Model 3. Let’s move on, then, to the 
testing of this second respecified model.

Testing the Validity of Model 3
Specification of Model 3 is simply a matter of modifying the Model 2 input 
file (see Figure 4.4) such that it includes the additional WITH statement 
“ITEM 1 WITH ITEM 2.” Model fit statistics for this model, together with 
the resulting estimate for the residual covariance between Items 1 and 2, 
are shown in Table 4.4.

Table 4.3 Mplus Output for Model 2: Modification Indices (MIs)

Model Modification Indices

MI

Expected 
Parameter 

Change 
(EPC)

Standard 
EPC

StdYX 
EPC

BY Statements
F1 BY ITEM12 35.584 −0.310 −0.400 −0.336
F2 BY ITEM12 12.038 −0.331 −0.276 −0.232
F3 BY ITEM1 23.917 0.851 0.374 0.225
F3 BY ITEM2 10.252 0.543 0.239 0.155
F3 BY ITEM13 12.415 −0.628 −0.276 −0.164

WITH Statements
→ITEM2 WITH ITEM1 66.418 0.591 0.591 0.545
ITEM7 WITH ITEM4 28.329 0.209 0.209 0.323
ITEM11 WITH ITEM10 31.691 0.578 0.578 0.526
ITEM12 WITH ITEM3 12.977 −0.253 −0.253 −0.225
ITEM13 WITH ITEM1 10.521 −0.249 −0.249 −0.221
ITEM13 WITH ITEM2 10.269 −0.237 −0.237 −0.213
ITEM15 WITH ITEM5 13.633 0.318 0.318 0.246
ITEM18 WITH ITEM7 10.080 −0.146 −0.146 −0.211
ITEM19 WITH ITEM18 15.797 0.250 0.250 0.285
ITEM20 WITH ITEM2 10.069 −0.216 −0.216 −0.202
ITEM20 WITH ITEM8 11.592 0.227 0.227 0.239
ITEM20 WITH ITEM13 11.369 0.242 0.242 0.218
ITEM21 WITH ITEM4 11.086 0.200 0.200 0.200
ITEM21 WITH ITEM7 28.423 0.263 0.263 0.326
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In reviewing goodness-of-fit statistics related to Model 3, we again 
observe a substantially large improvement in fit over that of Model 
2 (MLM χ2

[204] = 441.687 versus MLM χ2
[205] = 507.188; CFI = 0.912 versus 

CFI = 0.888; TLI = 0.900 versus TLI = 0.874; and RMSEA = 0.056 versus 
RMSEA = 0.063).

Likewise, examination of the model results reveals the estimated 
value of the residual covariance between Items 1 and 2 to approximate its 
EPC value (see Table 4.4) and to be statistically significant (Estimate [Est]/
standard error [SE] = 8.573).

Turning to the MIs, presented in Table 4.5, we see that there is still at 
least one residual covariance with a fairly large MI (Item 11 with Item 10). 
Item 11 asks the teacher respondent if it is a concern that the job may be 
hardening him or her emotionally, whereas Item 10 asks if the teacher 
believes she or he has become more callous since taking the job.

In addition to this residual covariance, however, it is important to note 
results related to the misspecified factor loading (Item 12) noted earlier, as 
indicated by an MI value of 34.815, which is slightly higher than the MI 
value of 31.563 for the residual covariance. In the initially hypothesized 

Table 4.4 Mplus Output for Model 3: 
Selected Goodness-of-Fit Statistics and Model Results

Tests of Model Fit

Chi-Square Test of Model Fit
Value 441.687
Degrees of freedom 204
p-value 0.0000
Scaling Correction Factor for MLM 1.178

CFI/TLI
CFI 0.912
TLI 0.900

Root Mean Square Error of Approximation (RMSEA)
Estimate 0.056

Standardized Root Mean Square Residual (SRMR)
Value 0.066

Model Results

Estimate
Standard 
Error (SE) Estimate/SE

Two-Tailed 
p-Value

ITEM1 WITH ITEM2 0.596 0.070 8.573 0.000
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model, this item was specified as loading on Factor 3 (Reduced Personal 
Accomplishment), yet the MI is telling us that it should additionally load 
on Factor 1 (Emotional Exhaustion). In trying to understand why this 
cross-loading might be occurring, let’s take a look at the essence of the 
item content, which asks for a level of agreement or disagreement with 
the statement that the respondent feels very energetic. Although this item 
was deemed by Maslach and Jackson (1981, 1986) to measure a sense of 
personal accomplishment, it seems both evident and logical that it also 
taps one’s feelings of emotional exhaustion. Ideally, items on a measur-
ing instrument should clearly target only one of its underlying constructs 
(or factors).5 The question related to our analysis of the MBI, however, is 
whether or not to include this parameter in a third respecified model. 
Provided with some justification for the double-loading effect, together 
with evidence from the literature that this same cross-loading has been 
noted in other research, I consider it appropriate to respecify Model 4 with 
this parameter freely estimated.

Given (a) the presence of these two clearly misspecified parameters 
(residual covariance between Items 10 and 11, and cross-loading of Item 12 
on Factor 3), (b) the close proximity of their MI values, (c) the logical and 
substantively viable rationales for both respecifications, and (d) the need 
to keep a close eye on model parsimony, we face the question of how to 

Table 4.5 Mplus Output for Model 3: Modification Indices (MIs)

Model Modification Indices

MI

Expected 
Parameter 

Change 
(EPC)

Standard 
EPC

StdYX 
EPC

BY Statements
→F1 BY ITEM12 34.815 −0.332 −0.404 −0.339
F2 BY ITEM12 11.882 −0.329 −0.274 −0.230
F3 BY ITEM1 12.254 0.560 0.246 0.148

WITH Statements
ITEM3 WITH ITEM1 11.815 0.248 0.248 0.192
ITEM7 WITH ITEM4 28.448 0.210 0.210 0.324
→ITEM11 WITH ITEM10 31.563 0.575 0.575 0.523
ITEM12 WITH ITEM3 13.944 −0.265 −0.265 −0.233
ITEM15 WITH ITEM5 13.518 0.316 0.316 0.245
ITEM19 WITH ITEM18 15.777 0.250 0.250 0.285
ITEM21 WITH ITEM4 11.161 0.201 0.201 0.201
ITEM21 WITH ITEM7 28.544 0.264 0.264 0.327

http://www.psypress.com/structural-equation-modeling-with-mplus-9781848728394

http://www.psypress.com/structural-equation-modeling-with-mplus-9781848728394


Chapter 4: Testing the Factorial Validity of Scores (First-Order) 113

proceed from here. Do we respecify the model to include the residual cova-
riance, or do we respecify it to include a factor cross-loading? Presented 
with such results, it is prudent to also compare their EPC values. In this 
instance, we find that if the cross-loading were specified, the expected 
estimated value would be −0.332; in contrast, the expected estimate for 
the residual covariance would be 0.575. That the projected estimate for the 
residual covariance is the stronger of the two argues in favor of its selec-
tion over the cross-loading for inclusion in the model (see, e.g., Kaplan, 
1989). Thus, with the residual covariance between Items 10 and 11 added 
to the (Model 3) input file, we now move on to test this newly respecified 
model, labeled here as Model 4. Goodness-of-fit results, together with the 
estimated value of this new parameter, are presented in Table 4.6.

In reviewing these results, we see that once again, there has been a 
substantial drop in the overall MLM χ2 (MLM χ2

[203] = 413.639), as well as 
an increase in the CFI (0.922) and TLI (0.911), and a slight reduction in the 
RMSEA (0.053). Likewise, we observe that the estimated value of 0.519, 
although lower than the predicted value, is still highly significant as evi-
denced from its z-value of 5.030. Nonetheless, we are still presented with 

Table 4.6 Mplus Output for Model 4: 
Selected Goodness-of-Fit Statistics and Model Results

Tests of Model Fit

Chi-Square Test of Model Fit
Value 413.639
Degrees of freedom 203
p-value 0.0000
Scaling Correction Factor for MLM 1.180

CFI/TLI
CFI 0.922
TLI 0.911

Root Mean Square Error of Approximation (RMSEA)
Estimate 0.053

Standardized Root Mean Square Residual (SRMR)
Value 0.065

Model Results

Estimate
Standard 
Error (SE) Estimate/SE 

Two-Tailed 
p-Value

ITEM10 WITH ITEM11 0.519 0.103 5.030 0.000
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a model fit that is not completely adequate. Although still fully cognizant 
of the parsimony issue, yet aware of the two similarly sized MIs related 
to Model 3, I believe that we are fully justified in checking out the MIs on 
Model 4; these results are reported in Table 4.7.

As expected, the cross-loading of Item 12 onto Factor 1 is still very 
strong, and its MI remains the highest value reported. Given that specifi-
cation of this cross-loading can be logically and substantively supported, 
as noted earlier, we can proceed in testing a further model (Model 5) in 
which this parameter is included.

Although you will observe several remaining misspecified parame-
ters, I consider it inappropriate to continue fitting the model beyond this 
point for at least three important reasons. First, given that we will have 
already added four parameters, despite the strong substantive justification 
for doing so, the issue of scientific parsimony must be taken into account. 
Second, of the nine remaining suggested misspecified parameters, seven 
represent residual covariances. Finally, in addition to having weaker MIs 
than the four previously acknowledged misspecified parameters, these 
remaining parameters are difficult to justify in terms of substantive mean-
ingfulness. Model 5, then, represents our final model of MBI structure.

The Mplus input file for this final model is shown in Figure 4.5, and 
the resulting goodness-of-fit statistics are reported in Table 4.8. Turning 
first to the Mplus input file (Figure 4.5) and comparing it with the initial 

Table 4.7 Mplus Output for Model 4: Modification Indices

Model Modification Indices (MIs)

MI

Expected 
Parameter 

Change 
(EPC)

Standard 
EPC

StdYX 
EPC

BY Statements
→F1 BY ITEM12 34.439 −0.331 −0.402 −0.337
F2 BY ITEM12 12.098 −0.324 −0.290 −0.243
F3 BY ITEM1 12.277 0.561 0.246 0.148

WITH Statements
ITEM3 WITH ITEM1 11.848 0.249 0.249 0.192
ITEM7 WITH ITEM4 28.247 0.209 0.209 0.323
ITEM12 WITH ITEM3 14.200 −0.268 −0.268 −0.236
ITEM18 WITH ITEM7 10.221 −0.147 −0.147 −0.213
ITEM19 WITH ITEM18 15.599 0.248 0.248 0.284
ITEM21 WITH ITEM4 11.183 0.201 0.201 0.201
ITEM21 WITH ITEM7 28.320 0.262 0.262 0.326
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input file, I draw your attention to the four additionally specified parame-
ters as derived from examination of the MIs related to post hoc analyses of 
the initially hypothesized model. As noted in the callouts, the first newly 
specified parameter represents the cross-loading of Item 12 on F1. The 
three additionally specified parameters appear below the factor loadings 
and represent residual covariances. Finally, the OUTPUT command has 
been revised to include only the STDYX standardized estimates.

Let’s turn now to the goodness-of-fit statistics presented in Table 4.8 
and, in particular, to the CFI, TLI, RMSEA, and SRMR results. Both the 
CFI and TLI results represent a fairly well-fitting model, albeit one not 
quite reaching the recommended criterion of 0.95 (see Hu & Bentler, 1999). 
Nonetheless, both the RMSEA value of 0.048 and the SRMR value of 0.054 
are indicative of good fit. Thus, these findings, in combination with the 
three important considerations noted earlier, stand in favor of allowing 
this fifth model to serve as the final model of MBI structure. Selected 
parameter estimates for this final model are reported in Table 4.9.

Both unstandardized and standardized parameter estimates are pre-
sented here as they appear in the Mplus output. In the interest of space, 
however, only the unstandardized estimates for the first and last four 
residual variances are included. All specified parameters were found to 
be statistically significant.

In reviewing these results, two sets of estimates are of primary import: 
(a) those related to the four post hoc–added parameters, and (b) the factor 

TITLE: CFA of MBI for Male Elementary Teachers (Calibration Group)
 Final Model - MLM Estimation  

DATA:
  FILE IS “C:\Mplus\Files\elemm1.dat”;
  FORMAT IS 22F1.0;

VARIABLE:
  NAMES ARE ITEM1 - ITEM22;
  USEVARIABLES ARE ITEM1 - ITEM22;

ANALYSIS:
  ESTIMATOR = MLM;

MODEL:
  F1 by ITEM1 - ITEM3 ITEM6 ITEM8 ITEM13 ITEM14 ITEM16 ITEM20;
  F1 by ITEM12; 
  F2 by ITEM5 ITEM10 ITEM11 ITEM15 ITEM22;
  F3 by ITEM4 ITEM7 ITEM9 ITEM12 ITEM17 - ITEM19 ITEM21;

  ITEM6 with ITEM16; 
  ITEM1 with ITEM2;
  ITEM10 with ITEM11;

OUTPUT:  MODINDICES STDYX;

Newly specified cross-

loading

Newly specified

residual covariances

Figure 4.5. Mplus input file for a final model of MBI structure.
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correlations. Turning first to the four additionally specified parameters, 
you will note that I have highlighted both the cross-loading and the resid-
ual covariances within rectangles with respect to both the unstandardized 
and standardized solutions. Let’s examine the cross-loading of Item 12 on 
Factors 1 and 3 first. Recall that the originally intended loading of Item 12 
was on Factor 3; the post hoc analyses, however, revealed a very strong 
misspecification indicating that this item should also load on Factor 1. As 
shown in Table 4.9 for the unstandardized estimates, both parameteriza-
tions were found to be highly significant. That the estimated loading on 
Factor 1 had a negative value is perfectly reasonable as the item states 
that the respondent feels very energetic, albeit Factor 1 represents the con-
struct of Emotional Exhaustion. Turning to the standardized solution, it is 
not surprising to find that Item 12 has very similar and moderately high 
loadings on both factors (Factor 1 = −0.323; Factor 3 = 0.424). This finding 
attests to the fact that Item 12 is in definite need of modification such that 
it more appropriately loads cleanly on only one of these two factors.

In reviewing the three residual covariances, we see that not only are 
they highly significant parameters in the model, but also they represent 
extremely high correlated residuals, ranging from 0.368 to 0.488. Such 
results are highly suggestive of excessively redundant item content.

Our second important focus concerned the latent factor correlations. 
Of critical import here is the extent to which these values are consistent 
with the theory. Based on previous construct validity research on the MBI, 

Table 4.8 Mplus Output for Final Model: Selected Goodness-of-Fit Statistics

Tests of Model Fit

Chi-Square Test of Model Fit
Value 378.656
Degrees of freedom 202
p-value 0.0000
Scaling Correction Factor for MLM 1.179

CFI/TLI
CFI 0.934
TLI 0.925

Root Mean Square Error of Approximation (RMSEA)
Estimate 0.048

Standardized Root Mean Square Residual (SRMR)
Value 0.054
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Table 4.9 Mplus Output for Final Model: Parameter Estimates

Model Results

Estimate
Standard 
Error (SE) Estimate/SE 

Two-Tailed 
p-Value

F1 BY

ITEM1 1.000 0.000 999.000 999.000
ITEM2 0.878 0.040 21.834 0.000
ITEM3 1.073 0.056 19.094 0.000
ITEM6 0.764 0.075 10.162 0.000
ITEM8 1.215 0.064 18.892 0.000
ITEM13 1.072 0.067 16.094 0.000
ITEM14 0.880 0.063 13.903 0.000
ITEM16 0.727 0.072 10.161 0.000
ITEM20 0.806 0.066 12.196 0.000

ITEM12 −0.316 0.052 −6.107 0.000

F2 BY
ITEM5 1.000 0.000 999.000 999.000
ITEM10 0.889 0.120 7.394 0.000
ITEM11 1.105 0.133 8.334 0.000
ITEM15 0.921 0.121 7.637 0.000
ITEM22 0.776 0.119 6.531 0.000

F3 BY
ITEM4 1.000 0.000 999.000 999.000
ITEM7 0.973 0.118 8.232 0.000
ITEM9 1.763 0.309 5.705 0.000

ITEM12 1.131 0.170 6.651 0.000

ITEM17 1.327 0.177 7.508 0.000
ITEM18 1.890 0.263 7.191 0.000
ITEM19 1.695 0.261 6.503 0.000
ITEM21 1.342 0.211 6.366 0.000
F2 WITH
 F1 0.747 0.106 7.057 0.000
F3 WITH
 F1 −0.167 0.038 −4.426 0.000
 F2 −0.181 0.036 −5.055 0.000
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Table 4.9 Mplus Output for Final Model: Parameter Estimates (continued)

Model Results

Estimate
Standard 
Error (SE) Estimate/SE 

Two-Tailed 
p-Value

ITEM6 WITH
 ITEM16 0.706 0.108 6.543 0.000
ITEM1 WITH
 ITEM2 0.588 0.069 8.509 0.000
ITEM10 WITH
 ITEM11 0.517 0.102 5.062 0.000

Variances
F1 1.486 0.149 9.972 0.000
F2 0.800 0.168 4.774 0.000
F3 0.199 0.048 4.165 0.000

Residual Variances
ITEM1 1.268 0.088 14.447 0.000
ITEM2 1.238 0.090 13.727 0.000
� �
� �
� �
ITEM21 1.240 0.123 10.123 0.000

ITEM22 2.008 0.169 11.859 0.000

Standardized Model Results: STDYX Standardization

Estimate
Standard 
Error (SE) Estimate/SE 

Two-Tailed 
p-Value

F1 BY
ITEM1 0.735 0.025 29.720 0.000
ITEM2 0.693 0.027 25.487 0.000
ITEM3 0.756 0.023 32.227 0.000
ITEM6 0.589 0.042 14.054 0.000
ITEM8 0.859 0.015 57.049 0.000
ITEM13 0.778 0.024 31.926 0.000
ITEM14 0.622 0.034 18.362 0.000
ITEM16 0.616 0.041 15.102 0.000
ITEM20 0.696 0.040 17.595 0.000

ITEM12 −0.323 0.048 −6.755 0.000
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the correlational values of 0.685, −0.306, and −0.453 for Factor 1 (Emotional 
Exhaustion) with Factor 2 (Depersonalization), Factor 1 with Factor 3 
(Personal Accomplishment), and Factor 2 with Factor 3, respectively, are 
strongly supported in the literature.

In closing out this chapter, albeit prior to the inclusion of the adden-
dum, I wish to address the issue of post hoc model fitting, as, historically, 
one of the major concerns in this regard has been the potential for capital-
ization on chance factors in the respecification of alternate models. Indeed, 

Table 4.9 Mplus Output for Final Model: Parameter Estimates (continued)

Standardized Model Results: STDYX Standardization

Estimate
Standard 
Error (SE) Estimate/SE 

Two-Tailed 
p-Value

F2 BY
ITEM5 0.602 0.054 11.049 0.000
ITEM10 0.551 0.049 11.296 0.000
ITEM11 0.647 0.043 15.141 0.000
ITEM15 0.635 0.045 14.145 0.000
ITEM22 0.440 0.049 8.895 0.000

F3 BY
ITEM4 0.448 0.048 9.333 0.000
ITEM7 0.518 0.042 12.203 0.000
ITEM9 0.599 0.049 12.179 0.000

ITEM12 0.424 0.050 8.503 0.000

ITEM17 0.696 0.036 19.080 0.000
ITEM18 0.663 0.046 14.331 0.000
ITEM19 0.637 0.041 15.490 0.000
ITEM21 0.474 0.049 9.759 0.000
F2 WITH 
 F1 0.685 0.046 14.952 0.000
F3 WITH
 F1 −0.306 0.057 −5.371 0.000
 F2 −0.453 0.062 −7.278 0.000

ITEM6 WITH
 ITEM16 0.488 0.055 8.821 0.000
ITEM1 WITH
 ITEM2 0.469 0.042 11.123 0.000
ITEM10 WITH
 ITEM11 0.368 0.059 6.221 0.000
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there has been some attempt to address this issue. In 1999, Hancock intro-
duced a Scheffé-type adjustment procedure that is now implemented in 
the EQS program (Bentler, 2005). However, this approach to controlling 
for Type I error is very conservative, leading Bentler (2005) to caution that, 
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Figure 4.6. Final model of MBI structure.
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in practice, this criterion will likely be helpful only in situations where 
there are huge misspecifications in a model (χ2/df = or > 5.0).

Taking a different approach to the problem of Type I errors in post 
hoc model fitting, Green and colleagues (Green & Babyak, 1997; Green, 
Thompson, & Poirier, 2001) proposed a Bonferroni-type correction to the 
number of parameters added to a respecified model during post hoc analy-
ses. Although a third approach to controlling for Type I errors was originally 
informally suggested by Chou and Bentler (1990), it was later regenerated 
and presented in a more formal manner by Green, Thompson, and Poirier 
(1999). This strategy is based on a two-step process in which parameters are 
first added to the model in the process of optimizing model fit, and then 
subsequently tested and deleted from the model if they cease to contribute 
importantly to model fit. Finally, a fourth approach to the problem of chance 
factors is to cross-validate the final model in a second independent new or 
split sample. Indeed, my own work with the MBI has provided me with the 
opportunity to test for the replication of the four misspecified parameters 
found in this chapter across split and independent samples. Results have 
revealed consistent problems with the seven MBI items cited in the present 
application across calibration and validation samples, as well as across ele-
mentary, intermediate, secondary, and postsecondary educators (see Byrne, 
1991, 1993, 1994b); total replication of the residual covariances has been found 
across elementary and secondary teachers, as well as across gender (see 
Byrne 1994a). I address the issue of cross-validation more fully in Chapter 9.

In this chapter, we have tested for the validity of scores derived from 
the MBI for a sample of male elementary school teachers. Based on sound 
statistical and theoretical rationales, we can feel confident that the modi-
fied model of MBI structure, as determined through post hoc model-fitting 
procedures based on both the Modification Index results and determined 
substantive meaningfulness of the targeted misspecified parameters, 
most appropriately represents the data. A schematic summary of this 
final well-fitting model is presented in Figure 4.6.

Notes
 1. As was the case in Chapter 3, the first of each congeneric set of items was 

constrained to 1.00 by default by the program.
 2. Mplus also provides for use of the MLMV estimator. Although the MLM 

and MLMV yield the same estimates (equivalent to ML) and standard errors 
(robust to nonnormality), their χ2 values differ and are corrected in both 
cases. Whereas the MLM χ2 is based on mean correction, the MLMV χ2 is 
based on mean and variance correction. As a consequence, one should expect 
p-values of the MLMV-corrected χ2 to be more accurate than for the MLM-
corrected χ2, albeit at the expense of a greater number of computations. This 
computational difference between MLM and MLMV estimations is most 
apparent in the analysis of models that include a large number of variables.
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 3. Unfortunately, refusal of copyright permission by the MBI test publisher pre-
vents me from presenting the actual item statements for your perusal.

 4. As noted earlier in this book, nested models are hierarchically related to one 
another in the sense that their parameter sets are subsets of one another (i.e., 
particular parameters are freely estimated in one model but fixed to zero in a 
second model) (Bentler & Chou, 1987; Bollen, 1989).

 5. Prior to specifying the cross-loading here, I would suggest loading the aberrant 
item onto the alternate factor in lieu of its originally targeted factor. However, 
in the case of Item 12, past experience has shown this item to present the same 
misspecification results regardless of which factor it is specified to load on.

Addendum
The purpose of this addendum is to illustrate steps to follow in acquiring 
univariate skewness and kurtosis statistics pertinent to one’s data using 
Mplus. As such, we now examine both the input file and output file results 
based on the present data. We turn first to the related input file, which is 
presented in Figure 4.7.

Of initial note with this input file is the ANALYSIS command, which 
states that TYPE = MIXTURE. The rationale behind this specification 
is related to the fact that, in order to obtain values of univariate skew-
ness and kurtosis in Mplus, it is necessary to specify a mixture model. 
However, whereas the latent variables in mixture models are categori-
cal (Brown, 2006), those in all models tested in this book are continuous. 

TITLE:  CFA of MBI for Male Elementary Teachers (Calibration Group)
   Univariate Skewness and Kurtosis Values  

DATA:
  FILE IS “C:\Mplus\Files\elemm1.dat”;
  FORMAT IS 22F1.0;

VARIABLE:
  NAMES ARE ITEM1 - ITEM22;
 USEVARIABLES ARE ITEM1 - ITEM22;

  CLASSES = C(1);

ANALYSIS:
  TYPE = MIXTURE;

MODEL:
  %OVERALL%
  F1 by ITEM1 - ITEM3 ITEM6 ITEM8 ITEM13 ITEM14 ITEM16 ITEM20; 
  F2 by ITEM5 ITEM10 ITEM11 ITEM15 ITEM22;
  F3 by ITEM4 ITEM7 ITEM9 ITEM12 ITEM17 - ITEM19 ITEM21;

OUTPUT: TECH12;

Figure  4.7. Mplus input file for obtaining skewness and kurtosis values of 
observed variables.
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Given that our model does not represent a mixture model and is pertinent 
to only one group (or class), the procedure here requires that two impor-
tant specification statements be included in the input file: (a) CLASSES = 
c (1), as shown under the VARIABLE command; and (b) %OVERALL%, as 
shown on the first line of the MODEL command. The first statement (in 
the VARIABLE command) indicates that the model is of a regular non-
mixture type pertinent to only one class. The second statement (in the 
MODEL command) indicates that the model describes the overall part of 
a specified nonmixture model. The remainder of the MODEL command, 
consistent with Figure 4.1, specifies that Factor 1 is measured by Items 1, 
2, 3, 6, 8, 13, 14, 16, and 20; Factor 2 by Items 5, 10, 11, 15, and 22; and Factor 
3 by Items 4, 7, 9, 12, 17, 18, 19, and 21. Finally, the OUTPUT command 
requests the TECH12 option, which yields information related to univari-
ate skewness and kurtosis.

Let’s now review the results of the TECH12 output, which are pre-
sented in Figure  4.8. As noted earlier, given that kurtosis remains the 

Observed Variable                Skewness              Kurtosis
______________________________________________

ITEM 1 –0.115 –1.166 

ITEM 2 –0.505 –0.705

ITEM 3 0.316 –1.110

ITEM 4 –1.804 3.631

ITEM 5 1.323 0.909

ITEM 6 0.920 –0.009

ITEM 7 –1.642 3.766

ITEM 8 0.738 –0.610

ITEM 9 –1.536 1.843

ITEM 10 1.198 0.563

ITEM 11 1.268 0.795 

ITEM 12 –1.314 1.841

ITEM 13 0.346 –0.792

ITEM 14 0.031 –0.936

ITEM 15 2.088 4.240

ITEM 16 0.968 0.156

ITEM 17 –1.970 5.057

ITEM 18 –1.226 1.341

ITEM 19 –1.478 2.213

ITEM 20 1.295 1.170

ITEM 21 –1.295 1.160

ITEM 22 1.062 0.181

Figure 4.8. Mplus output results for univariate skewness and kurtosis values.
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primary concern in analyses of covariance structures (the present case), 
we focus only on these values. As such, a review of these kurtosis values 
reveals that, in general, most are quite acceptable as they deviate mini-
mally from zero. Nonetheless, there are four observed variables that may 
be of concern: Items 4, 7, 15, and 17, each of which is shown as circled in 
Figure 4.8.

Although the four aberrant items noted here are clearly not exces-
sively kurtotic, they may nonetheless be sufficiently nonnormal to make 
interpretations based on the ML χ2 statistic, as well as the CFI, TLI, and 
RMSEA indices, problematic. Thus, it is always best to err on the side of 
caution by taking this information into account, which is exactly what we 
did in our analyses of the MBI data in this chapter.
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