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1. Introduction

study for assessing the performance of different estimation
methods under the existence of missing data, where
different rates of missingness on the priory used standard
dataset are imposed. Finally, Section 6 offers the
concluding remarks.

Structural Equation modeling (SEM) applications are
widely spread nowadays due to the need of this
methodology in most of the social science studies. As a
2. The SEM Model
result, SEM statistical packages are rapidly growing to
serve in this matter. The mostly used packages for SEM
In general, the SEM model expresses the relationship
studies are Mplus, EQS, Amos, LISREL, and several
between indicators and latent variables; it can be
packages in R. It was found that assessing the
expressed as follows:
performance of structural equation modeling estimation
methods through a mathematical derivation is not always
(1)
yi =
Λ xξi + δ i ;
enough, as the estimation part is imposed to some
limitations/restrictions that occur only in reality and
xi =
Λ yηi + i ,
(2)
cannot be predicted through derivation. It was essential
here to examine the performance of these methods through
where, model (1) is the measurement model of the
a real data application as well, thus, it was planned to
exogenous latent variables with manifest variable vector
conduct an application of SEM.
𝑦𝑦𝑖𝑖 on the latent exogenous variables 𝜉𝜉𝑖𝑖 , 𝛿𝛿 is the
In this paper, five SEM software packages (AMOS,
measurement error in exogenous indicators 𝛿𝛿𝑖𝑖 . While 𝛬𝛬𝑥𝑥
LISREL, and three packages in R) are reviewed to provide
is a matrix of factor loadings relating indicators to the
the researcher with the basic guidelines about each
latent exogenous variable 𝜉𝜉, with the errors 𝛿𝛿𝑖𝑖 ~𝑁𝑁(0, 𝛴𝛴𝛿𝛿 ).
package. Moreover, an application of SEM on a standard
Finally, 𝑞𝑞 represents the number of indicators of latent
dataset is introduced, where the performance of different
exogenous variables. Thus, model (1) can be written in a
estimation methods explained in statistical literature will
matrix form as:
be examined under the characteristics of the used dataset
and used model.
 yi1 
 λ11 … λ1n   ξi1 
 δ i1 



  
 
The paper is organized as follows. Section 2 presents
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the characteristics of the used model. Section 3 presents a
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brief comparative review between the five SEM software
 iq q×1  λq1 … λqn q×n  ξin n×1  δ iq q×1
packages. Section 4 discusses the advantages of
Model (2) includes indicator variables 𝑥𝑥𝑖𝑖 in subject 𝑖𝑖
R-packages along with an explanation on how the lavaan
considered manifestation of latent endogenous variables
package is used. In Section 5, we present an empirical
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𝜂𝜂𝑖𝑖 , and 𝜖𝜖𝑖𝑖 is the measurement errors in endogenous
variables, where 𝑝𝑝 represents the number of indicators of
latent endogenous variables. While 𝛬𝛬𝑦𝑦 is a matrix of
factor loadings relating indicators to the latent variable 𝜂𝜂,
with the errors 𝜖𝜖𝑖𝑖 ~𝑁𝑁(0, 𝛴𝛴𝜖𝜖 ) . Thus, model (2) can be
written in a matrix form as:

 xi1 
 
  
x 
 ip 

p×1

 λ11 … λ1m 
 i1 
 ηi1 


 



 
+   ,
 
  


λ

 
 p1 … λ pm  p×m ηim m×1  ip  p×1

where, 𝛿𝛿𝑖𝑖 and 𝜖𝜖𝑖𝑖 are independent normally distributed.

3. Software Packages of SEM

The structure of this section will be adopted briefly by
the structure of Byrne [6]; it will only present a
comparative review between AMOS, LISREL, and R.

way. Finally, the SEM model specification in LISREL can
be determined through the graphical user interface (GUI)
component. It allows the researcher to create a graphical
representation and to interactively generate the syntax file
by means of a path diagram.
•R
R is free open source software that enables the S
statistical programming language and computing environment
for interactive data analysis [12]. Programming language
called ‘S’ includes conditionals, loops, user defined
recursive functions and input and output facilities. It is
growing rapidly and has been extended to a large
collection of packages. However, each package is mainly
created for analyzing data under specified case, like for
example packages that are designed specifically to fit the
SEM models. These packages have the capability to fit
structural equation in observed and latent variables. The
packages that fit the SEM models, each with its own
characteristics are sem, OpenMx, and lavaan.

3.2. Model Estimation

3.1. Model Specification
• AMOS
AMOS has a very interesting feature developed within
the Microsoft Windows interface; it allows researchers to
either specify the model with drawing a path diagram
representing the relationships between variables through
AMOS graphics, or to directly write the equation
statements through AMOS basics. However, researchers
will always opt to use AMOS graphics due to its easiness
in identifying the relationships between the variables by
using all the tools provided by AMOS graphics that will
ever be needed in creating and working with SEM path
diagrams [6].
• LISREL
The command of LISREL is expressed in an algebraic
matrices language which is dominated by the use of Greek
letters. However one of the limitations that LISREL
program has is that a full latent variable model, based on
the analysis of covariance structures, may be defined by a
maximum of eight matrices and four vectors; analysis of
means structures involves an additional four matrices [5].
Thereby, Jöreskog and Sörbom [20] introduced a new
command language called SIMPLIS that is intended to
create input files and report results in a more user-friendly

The default estimation method in the three software
programs is maximum likelihood. However, each program
has other available estimation methods that can be shown
in Table 1. It is important to note that when we are
comparing R we are mainly talking about lavaan, sem, and
OpenMx packages available in R.
R-packages include a good mixture of estimation
methods as seen in Table 1, thereby, since R is free
software and it includes the largest number of available
estimation methods; the analysis of the dataset will be
done, in this paper, using one of SEM packages available
in R software.

3.3. Model Assessment and Goodness-of-fit
Indexes
Of a primary importance is to test whether the proposed
model fits the data or not. This is mainly examined by the
goodness-of-fit indexe discussed in statistical literature
such as Olsson et al [26], Kline [21], Hoyle [17], and
Byrne [7]. The software programs reviewed here provide
the same goodness-of-fit indexes, however, they only
differ in the way they report them. Thereby, some of these
indexes will be discussed and used in our application.

Table 1. Estimation methods in AMOS, LISREL, and R
Software

AMOS

LISREL

R

Estimation methods
ML: Maximum likelihood
GLS: Generalized least squares
ULS: Unweighted least squares
ADF/WLS: Asymptotically distribution free/weight least squares
SFLS: Scale free least squares
FIML: Full information maximum likelihood
ML, GLS, ADF/WLS, FIML,
2SLS: Two stages least squares
DWLS: Diagonally weighted least squares
GLS, ADF/WLS, ULS, 2SLS, FIML, ML, DWLS and several extended versions of ML:
MLM: ML with robust standard errors and scaled test statistic
MLMV: ML with computing a mean and variance adjusted test statistic (scaled and shifted)
MLMVS: ML with computing a mean and variance adjusted test statistic (Satterthwaite style)
MLF: ML with standard errors are based on first-order derivatives
MLR: Robust maximum likelihood (with missing data)
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• Root Mean Square Error Approximation (RMSEA)
RMSEA is employed as an indicator of empirical/absolute
fit [8] with its value ranging from 0 to 1. MacCallum et al
[23] suggested an acceptable value of RMSEA to be
between 0.05 and 0.08 in order to have a reasonable well
fitted model. Its statistic can be expressed as:

 ( χ 2 − df ) 
RMSEA= 

 df (n − 1) 

0.5
2
; with χ =

( n − 1) Fmin,

where, 𝑑𝑑𝑑𝑑 is the model degrees of freedom, and 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 is
the minimum value of fit function of the estimation
method being used.
Despite the popularity of this fit index in SEM studies,
it is concluded through simulation studies in the literature
that RMSEA does not behave well as it over-rejects the
true model under small sample sizes (𝑛𝑛 < 250), as well as
its value might get worse as the number of variables
increase in the model. Thereby, SRMR was recommended
over RMSEA [19].
• Standardized Root Mean Square Residual (SRMR)
SRMR has similar properties of RMSEA index,
however it is computed differently, and it also indicates
bad fit to the model with higher values of it, while a good
fit to the model would be an SRMR value that is close to
zero. However, Hu and Bentler [18] suggested a value of
SRMR that is less than 0.08 indicates a good fit to the
model. Its statistic can be expressed as:
i
 p
[( s − σˆ ij ) / ( sii s jj )]2 
∑ i 1∑
=
=j 1 ij


SRMR = 

k (k + 1) / 2



0.5

,

where 𝑘𝑘 = 𝑝𝑝 + 𝑞𝑞, 𝑠𝑠𝑖𝑖𝑖𝑖 are the sample covariances between
observed variables, and 𝜎𝜎�𝑖𝑖𝑖𝑖 are the estimated components
of variance-covariance matrix of the error vector of the
model.
• Comparative Fit Index (CFI)
CFI value ranges between 0 and 1, with value closer to
1 indicating better fit. Hooper et al [15] stated that recent
studies suggested a value of CFI above 0.95 in considered
an indicator of good model fit or at least 0.90 or above to
ensure that the model is correctly specified. The formula
used to compute CFI is expressed as:
CFI = 1 −

((

) ).

Max χ 2model − df model , 0
Max( χ null − df null ), 0)
2

Here Max indicates the maximum value of the values
given in brackets. The comparison between model’s
chi-square and its degrees of freedom is considered as an
adjustment for model parsimony. However, if the model is
well fitted (having small 𝜒𝜒 2 ) there might be a penalty if
the model was fitted and it was of a complex model
(having several paths leading to using many 𝑑𝑑𝑑𝑑), however,
if the 𝑑𝑑𝑑𝑑 were similar the entire formula of CFI would be
equal to 1.
• Tucker-Lewis Index (TLI)
TLI index is introduced by Bentler and Bonett [5] as
well, it is also known as Non-Normed Fit index (NNFI).
Its value also ranges between 0 and 1 with value closer to
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1 indicating better fit to the model, Hu and Bentler [18]
suggested a value of 0.95 or higher as an indicator of well
fitted model. The formula in which this index is computed
can be expressed as:
2
2
χ null
/ df null ) − ( χ model
/ df model )
(
TLI =
,
2
/ df null ) − 1
( χnull
2
where 𝜒𝜒𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛
/𝑑𝑑𝑑𝑑𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 is the ratio of chi-square to its degrees
of freedom.

3.4. Current Capabilities of SEM Software
Packages
3.4.1. Missing Data Treatment
One of the critical issues in SEM that needs to be
deeply recognized is the existence of missing values in
the dataset being used, as it may yield to misleading
results. That is why most of SEM software packages
nowadays are addressing this issue by imposing a
treatment to the missing cases regardless of the reason for
their missingness.
• AMOS
AMOS has limited capability in dealing with missing
data. It has one single method in treating missingness in
AMOS which is FIML estimation method, discussed in
details in Allison [3], Gamil [13], and El-Sheikh et al [10].
• LISREL
PRELIS program in LISREL is the approach dealing
with missing data problem. It provides both listwise and
pairwise deletion mechanism of dealing with missingness
as well as imputation mechanism. The main limitation of
this approach is that if it failed to determine matching case
then no imputation is processed, consequently, it will
leave the researcher with a proportion of the data that is
still missing. A second limitation of this approach is that
overlapping between set of variables and the variables
researches wish to impute their missing values might
occur [6]. Thereby, such limitations associated with
LISREL negatively influence the privilege of treating
missingness.
•R
We are mainly referring here to lavaan package. The
default act of lavaan in case of missing values in the
dataset is to listwise deletion (the estimates are unbiased,
although data is lost). If data is missing completely at
random (MCAR) or missing at random (MAR), the
appropriate estimation method is FIML [28]. However,
according to Enders and Bandalos [11] study, it was
revealed that FIML yielded more efficient results under
MCAR than MAR. Fortunately, lavaan package enables
the FIML estimation method by specifying the argument
missing="ml" or missing="fiml" when calling the fitting
action.
3.4.2. Non-normality Treatment
• AMOS
AMOS handles the violation of normality assumption
via the use of the bootstrap approach. In which this
procedure deals with the original sample as if it is the
population and do re-sampling from it, where multiple
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subsample are drawn randomly from the original sample
with replacement to this population. This process provides
the researcher with efficient investigation about the
variability in the parameter estimates and goodness-of-fit
indexes, and thereby the values of the parameter estimates
are better assessed with more accuracy [6].
• LISREL
LISREL mainly deals with the presence of non-normality
through using ADF/WLS method that is distribution free
in which normality assumption is not in its requirements.
First, using PRELIS approach, the data should be adjusted
into asymptotic matrix form; the analysis then will be
based on this matrix using WLS method [6]. However,
one important limitation of this method is its sensitivity to
sample size, since it was found through simulation studies
that WLS method requires large sample size to perform
efficiently, otherwise this limitation would hinder its
usefulness in handling non-normality.
•R
In the lavaan package, three different approaches were
implemented to deal with non-normality assumption
which are; ADF estimation, scaled test statistics (ML
estimation with robust standard errors and a robust test
statistic), and bootstrapping (FIML). Similar to LISREL it
was mentioned before that ADF implies no normality
assumption. And thereby, variables that are skewed do not
give misleading results about the standard errors or test
statistic if the ADF estimation method was used.
3.4.3. Categorical Data Treatment
• AMOS
Until recently AMOS does not have a determined
method to deal with categorical data. However, AMOS
might consider ordinal categorical data only by assigning
numbers to the categorical responses, and then run the
analysis by one the chosen estimation methods [4].
• LISREL
Categorical data analysis in LISREL is mainly depending
on distribution free estimation procedure; however, this
method has some restrictive requirements that represent
major weakness to dealing with categorical data [6].
•R
With categorical exogenous variables, it needs to create
dummy variables to run the model as usual, while
categorical endogenous variable require special treatment.
In SEM framework, two approaches were adapted to deal
with categorical data:
i. Limited information approach: Only univariate
or bivariate information is used, while the
estimation process might be done through two
stages, where ML is used in the first stage, and then
WLS is used in the last stage. This is best known in
Mplus software as mean-adjusted WLS (WLSM)
and mean- and variance-adjusted WLS (WLSMV)
estimators as discussed in Hox et al [16]. So for
lavaan to consider categorical variables, it should
define them as ordered using the function ordered
in the data, frame before running the analysis,
and then by default, lavaan will use robust
WLS (DWLS with robust standard errors and a
scaled-shifted test statistic; which is equivalent to
WLSMV estimator in Mplus)

ii. Full information approach: All information is
used, and the most practical method in marginal
maximum likelihood estimation [28].

4. R-packages for SEM
A deeper attention was essential to be given to R
software since it will be the used program to analyze and
simulate data throughout this dissertation. We will mainly
use lavaan package due to its advanced features that are
needed in our analysis.
Table 2. Brief comparison between different R-packages
Package
Sem
OpenMx
Lavaan

Title
Structural equation
models
Extended structural
equation modeling
Latent variable
analysis

Available estimation methods
ML, FIML, GLS, 2SLS
ML, FIML, WLS
ML, GLS, WLS, ULS, FIML,
DWLS, MLM, MLMV, MLF,
MLR, MLMVS

From Table 2, it is shown that lavaan package includes
most of the estimation methods, except for the 2SLS that
is only included in sempackage. Thereby, if one wishes to
estimate any SEM model using the 2SLS method,
choosing sem package is a must.

4.1. Lavaan Package
This package provides researchers a free fully open
source, but commercially quality package for latent
variable modeling. To explore, estimate, and understand a
wide variety of latent variable models lavaan has a
collection of tools that enable the user to do this. This
includes factor analysis, structural equation modeling,
longitudinal, multilevel, latent class, item response, and
missing data models. It is working on attracting
statistician working in the field of SEM to implement new
methodologies and achieve new developments, through
having a direct access to SEM code [28,29].

4.2. Advantages of Using Lavaan Package
1. The results that lavaan gives are almost similar to
those obtained from other commercial software
programs, like Mplus and EQS.A mimic option is
included in all the fitting functions of lavaan, to
ensure that the results produced by lavaan are
comparable to the output of other commercial
software programs. (i.e., if mimic="Mplus", lavaan
makes an effort to produce output similar to Mplus
output. if mimic="EQS", lavaan also makes an
effort to produce similar output to that of EQS at
least numerically not visually). Thus, the mimic
option makes a smooth transition possible from
lavaan to one major commercial software program,
and back [28].
2. Two problems that researchers always face have
received careful attention in lavaan, which are:
a) Support for non-normal data. b) Handling of
missing data.
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3. In lavaan package, models are specified by means
of a powerful, easy-to-text-based syntax describing
the model, referred to as the “lavaan model syntax”.
Rosseel [28] gives a description of the most used
operators in lavaan model syntax as shown in Table 3,
top panel of the table contains the four formula
types that can be used to specify a model in the
lavaan model syntax. The lower panel contains
additional operators that are allowed in the lavaan
model syntax.
Table 3. Operators’ definition in lavaan package
Formula type

Operator

Mnemonic

=~

is manifested by

~~

is correlated with

I. Specify the model
Latent variable
Regression
(Residual)(co)variance
Intercept
II. Allowed within the model
Defined parameter
Equality constraint
Inequality constraint
Inequality constraint

~

is regressed on

~1

intercept

:=

is defined as

<

is smaller than

==

is equal to

>

is larger than
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the estimates, we can set the following argument
(standardized=TRUE).
It can noted that the three fitting functions sem, cfa, and
lavaan all give the same fitting results. However, they
differ in their model syntax writing. Generally, to write
the professional codes using R, see for example Crawley
[9] and Abonazel [1,2].

4.4. Additional Capabilities of Lavaan
Package
In addition to the capabilities previously mentioned,
there are other capabilities of lavaan package that are
worth mentioning:
• Linear and nonlinear equality and inequality
constraints
In some of the application studies, specifying constraints
on some of the model parameters is essential. For example,
one would want to specify that a parameter is alinear or
nonlinear function of the other parameters. Thus, lavaan
package aims to write the lavaan model syntax in a way
that makes these constraints easily specified.
• Indirect effect and mediation analysis
Once the model is been fitted, one would be interested
in values that are functions of the original estimated model
parameters. One example is an indirect effect which is a
product of two or more regression coefficients.

4.3. Important Functions in Lavaan Package
•

•

•

•
•

cfa: is a dedicated function for fitting confirmatory
factor analysis(CFA) models, e.g. fit<-cfa(Mymodel,
data=HSdata). The first argument is the object
containing the lavaan model syntax. The second
argument is the dataset that contains the observed
variables.
sem: it describes the model (model syntax) in 3
different formula types; latent variables, regression
formulas, and (co)variance formulas for the
residuals among the observed variables.
lavaan function: unlike cfa and sem functions that
add automatic actions to non-standard models that
need to be specified, lavaan function has the feature
that it does not add any extra parameters to the
model by default, nor does it attempt to make the
model identifiable. If the lavaan function is called
without any use of the “auto.*” arguments, it
becomes the user’s responsibility to specify the
correct model syntax. This can lead to lengthier
model specifications, but the user has full control.
[28].
Summary: print a long summary of the results of
the model.
parameter Estimates: returns the parameters
estimates as a data.frame class, making the
information easily accessible for further processing.
By default, the parameter Estimates function
includes the estimates, the standard errors, z-values,
p-values, and 95% confidence intervals for all the
model parameters, e.g. parameter Estimates (fit). If
we want to obtain several standardized versions of

5. Empirical Study: Missing Data
Analysis
In this section, a standard dataset that has been used in
several SEM studies and available in different R-packages
such as lavaan, OpenMx, and MBESS will be used. This
dataset is known under the name Holzinger Swineford
1939, however, will refer to it with the name HS39. It
consists of 9 variables scoring intelligence test of 301
students on 26 distinct tests. The students were from
seventh and eighth grade, and were nested in one of the
two schools (Pasteur and Grant-White). The tests cover
mental speed, memory, mathematical-ability, spatial, and
verbal ability as listed in Table 4. Note that the R-codes
which been used in our analysis are listed in Appendix.
The analysis of this dataset will be conducted with the
three SEM softwares (Lavaan, AMOS, and R).

5.1. Model Description
A three-factor CFA model, similar to model (2), is
designed with this dataset, where the three correlated
latent variables are created, each with three indicators.
This can be illustrated through a path diagram as shown in
Figure 1.
• A visual factor is measured by the first three
variables (x1, x2, and x3).
• A textual factor is measured by the second three
variables (x4, x5, and x6).
• A speed factor is measured by the last three
variables (x7, x8, and x9).
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Figure 1. Path diagram of the three-factor model for HS39 data
Table 5. Mardia's multivariate normality test

Table 4. Variables description of HS39 dataset
Id

Definition

data

:X

Sex

Gender

g1p

: 6.875188

Ageyr

Age, year part

chi.skew

: 344.9053

Agemo

Age, month part

p.value.skew

: 8.86473e-15

School

Pasteur or Grant-White

g2p

: 103.5909

Grade

Grade

z.kurtosis

: 2.830216

x1

Visual perception

p.value.kurt

: 0.004651658

x2

Cubes

chi.small.skew

: 349.0363

x3

Lozenges

p.value.small

: 2.935163e-15

x4

Paragraph comprehension

Result: Data are not multivariate normal.

x5

Sentence completion

x6

Word meaning

x7

Speeded addition

x8

Speeded counting of dots

x9

Speeded discrimination straight and curved capitals

Let 𝑋𝑋 be a vector of the nine indicators (observed
variables), and then the CFA model can be expressed by:
(3)

X =Λη +  ,

 1 λ12

Λ ' = 0 0
0 0


λ13 0
0
0

0

1 λ25
0 0

0 0 0
λ26 0 0
0 1 λ38

0 

0 ,
λ39 

where 𝛬𝛬 is a factor loadings matrix of the vector of latent
variables 𝜂𝜂, and 𝜖𝜖 is the vector of error. It is assumed that
the measurement errors are uncorrelated. The degrees of
freedom of model (3) are equal to 24, with 3 parameters
fixed to 1 and the other 21 remaining parameters are free
to be estimated. Fixing the factor loadings of the first
observed variables for each latent variable is done to
correctly identify the model. Otherwise, standardizing the
variances of the latent variables is the other alternative to
identify the model correctly [28].

5.2. Normality Check of the Dataset
We will start first by testing the normality of the dataset
using MVN package in R.

In Table 5, g1p and g2p are defined as Mardia’s [24]
estimation of multivariate skewness and multivariate
kurtosis, respectively. Both the skewness (g1p = 6.875188,
p-value < 0.05) and kurtosis (g2p = 103.5909, p-value <
0.05) estimates do not indicate multivariate normality,
since significant skewness and kurtosis clearly indicate
that data are not normal. Therefore, according to Mardia’s
MVN test, this data set does not follow a multivariate
normal distribution.
Table 6. Other multivariate normality tests
Royston's Multivariate Normality Test
H

: 125.9724

p-value : 6.121901e-23
Result

: Data are not multivariate normal.

Henze-Zirkler's Multivariate Normality Test
HZ

: 1.054447

p-value : 1.761543e-07
Result

: Data are not multivariate normal.

In Table 6, H is defined as the value of Royston’s [30]
test statistic at significance level 0.05 and p-value is an
approximate significance value for the test. According to
Royston’s test (H = 125.9724, p-value < 0.05), the data set
does not appear to have a multivariate normal distribution.
Here, HZ is the value of Henze-Zirkler’s [14] test statistic
at significance level 0.05, and p-value is the significance
value of this test statistic, in other words it is the
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significance of multivariate normality. According to the
values derived from HZ test (HZ = 1.054447, p-value <
0.05) one can conclude that this multivariate data set
deviates also from multivariate normality, since the
p-value indicates in significant HZ test statistic.
Sometimes it may occur that MVN test statistic differ
from one another, for example HZ test might state
normality while the other two tests might result that the
data is non-normal. In such cases, it is useful to examine
MVN plots along with hypothesis tests in order to reach a
more reliable decision [22]. A chi-square Q-Q plot was
created to examine MVN of HS39 dataset as well.
Additionally, Q-Q plot states that if the observed data fit
hypothesized distribution, i.e. the points in the Q-Q plot
will approximately be on the line it means that the data is
normally distributed. Consequently, it is clearly shown in
Figure 2 that the points deviate from the line, and
therefore dataset does not satisfy MVN assumption.

5.3. Imposing Missing Data
Researchers often confront the problem of missing data
in real empirical studies of SEM as well as problem of
non-normality. Thus, since these two problems are
common in some of SEM studies, it was as important as
we shed the light on non-normality in real data to also
shed it on missingness problem.
HS39 was used after imposing different rates of
missingness using simsem simulation package available in
R by Pornprasertmanit et al [27], where a function called
imposemissing is used to impose rates of missingness on a
simulated data or an existing data frame as in our case,
different missingness rates can be imposed either under
MCAR or MAR mechanisms.
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The same model specification as in section 2 is used
here, where a CFA model with three inter-correlated latent
variables with three observed indicators each. The
estimation procedure is repeated three times with each
estimation method under three levels of missingness 5%,
15%, and 30% representing low, moderate and high levels
of missingness as seen in Appendix. We chose to
implement MCAR technique, since MAR might be in
some of the cases neglected, as mentioned by Allison [3]
that missing data might be ignored if the data are MAR,
since the parameters governing the missing data
mechanism are completely distinct from the parameters of
the model to be estimated. This somewhat technical
condition is unlikely to be violated in the real world.
The three estimation methods known in literature to
treat missingness in data were used to fit the model under
different rates of missingness. These methods are: FIML,
MLR, and Listwise deletion technique using maximum
likelihood estimation (ML-LW). Lavaan package was
eligible to estimate the model with these three different
methods, however, since we were looking mainly to
compare between different SEM software AMOS 23 and
LISREL 8.8 were used to estimate the model as well but
here with only FIML and ML-LW methods as MLR
method is not available in them.

5.4. The Results
After conducting the analysis with Lavaan, AMOS, and
LISREL, it was found out that the three packages gave out
the same parameter estimates with no differences.
However, there were only slight differences between the
goodness-of-fit indexes for the packages provided as
displayed in Table 7.

Figure 2. Chi-squared QQ plot for HS39 dataset
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Table 7. Summary of goodness-of-fit indexes for different percentages of missing
Measure
(Cut-off point)
RMSEA
( < 0.08)

SRMR
( < 0.08)

CFI
( > 0.9)

TLI
( > 0.9)

Lavaan

AMOS

LISREL

Percentage of
missing

FIML

ML-LW

MLR

FIML

ML-LW

FIML

ML-LW

5%

0.084

0.055

0.055

0.084

0.055

0.084

0.054

15%

0.076

0.117

0.113

0.079

0.115

0.076

0.097

30%

0.065

0.259

0.259

0.065

0.249

0.065

0.204

5%

0.057

0.054

0.049

NA

0.054

NA

0.054

15%

0.063

0.088

0.080

NA

0.088

NA

0.088

30%

0.065

0.206

0.188

NA

0.220

NA

0.220

5%

0.937

0.976

0.977

0.936

0.976

0.937

0.980

15%

0.936

0.911

0.911

0.936

0.913

0.936

0.940

30%

0.938

0.700

0.790

0.937

0.703

0.938

0.660

5%

0.905

0.964

0.966

0.880

0.964

0.906

0.970

15%

0.905

0.867

0.832

0.879

0.870

0.905

0.900

30%

0.906

0.550

0.556

0.881

0.559

0.903

0.480

According to Table 7 we can easily recognize that
Lavaan, AMOS, and LISREL packages gave out close if
not the similar results of the different indexes with FIML
and ML-LW methods. AMOS and LISREL do not report
SRMR index under missing cases with FIML method.
However, according to the other three indexes it can be
easily predicted that it might as well give similar results as
in Lavaan. Consequently, we can start comparing directly
between the different estimation methods and their
performance under different levels of missingness through
observing the change that happens in each fit index.
• RMSEA
As shown in Table 7, RMSEA values for FIML, MLR,
and ML-LW methods were 0.084, 0.055, and 0.055,
respectively under 5% missing rate. Contradicting our
expectation the increase in missing rates was not reflected
negatively on RMSEA values with FIML method as it
ranged from 0.084, 0.076, to 0.065 at missingness rates of
5%, 15% till 30%, respectively, reflecting moderate to
good model fit. However, both MLR and ML-LW method
were affected negatively, for example, RMSEA value of
MLR changed from 0.113 to 0.259 at missing rate of 15%
to 30%, respectively, and same for ML-LW method
reflecting poor to very poor model fit.
• SRMR
Lavaan is the only package the reflected SRMR values
indicating the following; SRMR values were affected
negatively with the increase in the missing rates, and this
is across the three estimation methods. For example with
FIML method SRMR values were 0.057, 0.063, to 0.065
at missing rates of 5%, 15%, to 30%, respectively,
although these changes in the values did not change the
status of the model since all of them reflected a good fit to
the model. Moreover, MLR method was strongly
influenced by the increase in missingness rates compared
to FIML in terms of SRMR, as the values ranged from
0.049, 0.080, to 0.188 at missing rates of 5%, 15, and 30%,
respectively with model fit changed from good fit to poor
or lack of fit at 30% missingness rate. Finally, although
ML-LW method was giving good fit at 5% and 15%
missing rates, it was strongly influenced with the increase
in the missing rates in comparison with the other two

estimation methods with SRMR of 0.188 at missing rate
30%.
• CFI
CFI measurement was also affected negatively with the
increase in missingness rates; however, FIML was slightly
affected with this increase in terms of CFI compared to
MLR and specifically ML-LW method that was strongly
affected especially when the missing rate changed from
15% to 30 %, as its CFI values were 0.976, 0.91, and 0.7
at missing rates of 5%, 15%, and 30%, respectively, where
it moved from good fit to a bad fit. Similarly, MLR
method followed the same path of ML-LW. Finally, CFI
values of FIML method under the three missingness rates
indicated a goof fit to the model with slight changes as
follows 0.936, 0.936, and 0.938 at missing rates of 5%,
15%, and 30%, respectively, in the three packages.
• TLI
Similarly, TLI values reflected the negative impact of
the increase in missingness rates on the performance of
the estimation methods, except with FIML under lavaan
and LISREL it did not show any change in its values.
MLR and ML-LW methods were affected by this increase
in the missingness rates as they both gave good fit to the
model at 5% missing rate with TLI values of MLR and
ML-LW equal to 0.966 and 0.964, respectively, and at
15% their TLI values were 0.832 and 0.867, respectively,
finally, when missing rate increased to 30% their TLI
values declined to 0.556 and 0.550, respectively,
indicating poor or lack of model fit.
Generally, Table 7 shows that the three packages
indicated similar results for both FIML and ML-LW.
Additionally, ML-LW and MLR methods performed
equivalently under different rates of missingness, as they
were mostly affected by the increase in the missing data
rates. Finally, FIML was the best method to deal with
different missingness rates.

6. Conclusion
In this paper, we reviewed five SEM software packages
(AMOS, LISREL, and three packages in R) for dealing
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with SEM analysis to provide the researcher with a basic
guideline about each package. Moreover, we presented an
empirical study for assessing the performance of different
estimation methods under the existence of missing data.
According to the results, it was found that the
conventional techniques such as Listwise generally do a
poor job of using only the available information even
under any estimation method. However, structural
equation modelers are fortunate that many software
programs for estimating SEMs now have full information
maximum likelihood methods for handling missing data in
an optimal fashion [3]. This was proved through this study
that showed that FIML method outperformed compared to
MLR and Listwise deletion (ML-LW) methods; this is
because the process works by estimating a likelihood
function for each individual based on the variables that are
present so that all the available data are used [25]. On the
other hand, Listwise deletion method seemed to be the
mostly affected method by the increase in missingness
rates and this was clear through the different used
goodness-of-fit indexes, since in this method, the whole
case is deleted from the sample if it has missing data on
any of the variables in the analysis to be conducted [3],
and thus, important information might be disregarded.
Thereby, ML-LW method requires sufficiently large
sample size especially if the missing rate is above 15%,
otherwise it is not recommended. Despite the fact that
MLR method is assumed to deal with missing data cases
such as MCAR and MAR since it adjusts the goodness-offit indexes it uses such as RMSEA, CFI, and TLI to
permits MCAR and MAR missing data, again FIML was
preferred over MLR method to deal with MCAR missing
data.
Finally, it was concluded that the three packages
Lavaan, AMOS, and LISREL almost gave out the
identical results if the same estimation method is used.
Thus, the choice of the used package is left to the
researcher’s need and easiness to deal with.
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Appendix: R-codes
library("lavaan"); library("simsem"); library("MVN")
##--- The data
hsdata<-HolzingerSwineford1939
##--- Normality Check
###-----------------------x<-hsdata[,7:15]
mardiaTest(x,qqplot=TRUE)
roystonTest(x,qqplot=TRUE)
hzTest(x,qqplot=TRUE)
##--- Building the model
##---------------------------HSmodel<- '
visual=~x1+x2+x3
textual=~x4+x5+x6
speed=~x7+x8+x9
'
##--- impose missing rates
##------------------------------miss.data1<-imposeMissing(hsdata,pmMCAR =0.05)
miss.data2<-imposeMissing(hsdata,pmMCAR =0.15)
miss.data3<-imposeMissing(hsdata,pmMCAR =0.30)
##--- fitting the model using ML-LW, MLR, and FIML methods
##------------------------------------------------------------------##--- imposing 5% missing values
##--------------------------------------Fit.L<-cfa(HSmodel, data=miss.data1,missing="listwise")
summary(Fit.L, fit.measures=TRUE, standardized=TRUE)
Fit.M<-cfa(HSmodel, data=miss.data1,estimator="MLR")
summary(Fit.M, fit.measures=TRUE, standardized=TRUE)
Fit.fiml<-cfa(HSmodel, data=miss.data1,missing="fiml")
summary(Fit.fiml, fit.measures=TRUE, standardized=TRUE)
##--- imposing 15% missing values
##---------------------------------------Fit.L<-cfa(HSmodel, data=miss.data2,missing="listwise")
summary(Fit.L, fit.measures=TRUE, standardized=TRUE)
Fit.M<-cfa(HSmodel, data=miss.data2,estimator="MLR")
summary(Fit.M, fit.measures=TRUE, standardized=TRUE)
Fit.fiml<-cfa(HSmodel, data=miss.data2,missing="fiml")
summary(Fit.fiml, fit.measures=TRUE, standardized=TRUE)
##--- imposing 30% missing values
##-----------------------------------------Fit.L<-cfa(HSmodel, data=miss.data3,missing="listwise")
summary(Fit.L, fit.measures=TRUE, standardized=TRUE)
Fit.M<-cfa(HSmodel, data=miss.data3,estimator="MLR")
summary(Fit.M, fit.measures=TRUE, standardized=TRUE)
Fit.fiml<-cfa(HSmodel, data=miss.data3,missing="fiml")
summary(Fit.fiml, fit.measures=TRUE, standardized=TRUE)

