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Using Mplus to fit and test 

measurement and structural 

equation models

Video 8

How Mplus handles missing data

Department of Psychology, Faculty of Human Sciences, Macquarie University 2015

Topics

• Rubin’s classification of missing data

• Maximum likelihood – FIML

• Requesting variance or mean estimates to

bring variables into the model 

• Multiple imputation – reading MI data and

creating MI datasets

• Improving estimation with auxiliary variables
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Types of Missing Data

MCAR – missing completely at random  

- missingness unrelated to values of Xi and Y

MAR   - missing at random

- missingness unrelated to Y, adjusted for Xi

MNAR – missing not at random

- missingness related to Y

For details, see Schafer, J., & Graham, J. (2002).  Missing data:

Our view of the  state of the art.  Psychological Methods, 7, 147-177

Types of Missing Data (2)

Which is which?   Example from Arbuckle (1996).

A questionnaire contains two items, one on years of schooling and one on income.  Everyone answers 

the item on schooling but not everyone answers the one on income. 

Mechanism 1:  Whether a respondent answers the income question is independent of both education 

and income.

Mechanism 2:  Highly educated people are more (or less) likely to give their income but, among those 

with the same level of education, the probability of reporting income is unrelated to income.

Mechanism 3:  Among people with the same level of education, those with high incomes are more (or 

less) likely to report their income
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Types of Missing Data (3)

Mechanism 1:  Whether a respondent answers the income question is independent of both education and income.

MCAR - ignorable

Mechanism 2:  Highly educated people are more (or less) likely to give their income but, among those with the 

same level of education, the probability of reporting income is unrelated to income.

MAR – ignorable if ML is used

Mechanism 3:  Among people with the same level of education, those with high incomes are more (or less)

likely to report their income

MNAR – not ignorable

The key thing is that if missingness is at least MAR, the use of ML or MI 

(but not necessarily other methods) will lead to valid estimates.

From the Mplus User’s

Guide p. 487
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From the Mplus User’s

Guide p. 488

Full information maximum likelihood (FIML)

Implemented in both Mplus and AMOS.

See Enders (2001) and Arbuckle (1996) for good explanations.  A key thing is that all available data are used for

estimation.  The following is taken from Enders.  

The casewise likelihood of the observed data is obtained by maximising

logLi = Ki -1/2 log|∑i| -1/2(xi – μi)’ ∑i
-1(xi – μi)

where xi is the vector of complete data for case i (i.e., the values for all the variables which do not

have missing data), μi contains the means for the corresponding variables (i.e., those for which case

i has non-missing values) and Ki is a constant that depends on the number of complete data point

s for case i.  The determinant and inverse of ∑I , which are for the whole sample, are based only on

variables that were observed for case i.  

Note that in FIML the means and the variance/covariance matrix for the whole sample are involved

in the estimation.   
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Full information maximum likelihood (FIML)  2

The overall discrepancy function value is obtained by summing the n casewise likelihood functions

log L(μ, ∑ )  = ∑i=1 to N (logLi )

On p. 135 of his article. Enders makes a number of points which are worth a look.

One is that, because estimation of the so-called mean structure is a part of FIML, some GFI

cannot be estimated with FIML.

Another is that FIML does not involve imputation of missing values – only parameters are 

estimated.

A consequence of the FIML method is that AMOS insists on estimating means and intercepts 

when there are missing data.   Mplus by default estimates means and variances for variables

included in the model, but not for variables which are seen as covariates (see video 4).  This 

has implications for handling missing data, as will be seen.

Sources and References

Arbuckle, J. L.  (1996).  Full information estimation in the presence of incomplete data.  In Marcoulides,

G A., & Schumacker, R. E. (Eds.) Advanced Structural Equation Modeling:  Issues and Techniques (pp 243-

277).  Mahawah, New Jersey:  Lawrence Erlbaum Associates.

Enders, C. K.  (2001).  A primer on maximum likelihood algorithms available for use with missing data. 

Structural equation modelling, 8, 128-141.

Allison, P. D.  (2012).  Handling missing data by maximum likelihood.  SAS Global Forum (Paper 312-

2012). (http://www.statisticalhorizons.com/wp-content/uploads/MissingDataByML.pdf)

Newsom, J. T. (2015). Missing Data and Missing Data Estimation.  

(http://www.upa.pdx.edu/IOA/newsom/semclass/ho_missing.pdf)
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EE       ON

ROLEC              0.797      0.049     16.238      0.000

ROLEC              0.776      0.055     13.996      0.000

DP       ON

ROLEC              0.233      0.050      4.668      0.000

ROLEC              0.288      0.056      5.131      0.000

EE                 0.449      0.036     12.401      0.000

EE                 0.448      0.040     11.235      0.000

PA       ON

EE                -0.205      0.033     -6.214      0.000

EE                -0.216      0.037     -5.818      0.000

DP                -0.259      0.033     -7.961      0.000

DP                -0.269      0.038     -7.109      0.000

ROLEA             -0.346      0.076     -4.532      0.000

ROLEA             -0.395      0.092     -4.292      0.000

ROLEC              0.269      0.075      3.570      0.000

ROLEC              0.315      0.092      3.435      0.001

No missing 

data

Missing data

Multiple Imputation

See www.psy.mq.edu.au/psystat/recordings.html



17/08/2015

7

Multiple Imputation (2)

Multiple Imputation (3)
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Multiple Imputation (4)

Multiple Imputation (5)
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Multiple Imputation (6)

Multiple Imputation (7)

1. Create imputed datasets with SPSS.

2. Write text versions of the datasets out 

for Mplus.

3.  Read the datasets into Mplus and

carry out an analysis.

4.  Create MI datasets with Mplus

carry out an analysis.

We’ll use the data for the path analysis

with latent variables.
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The effect of the ratio of variation between MI datasets (b) to variation within MI datasets (u), and the 

number of MI datasets (m) on the rate of missing information (rmi) and degrees of freedom (df)

https://www.statmodel.com/download/Imputations7.pdf
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Graham, 2003
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Graham, 2003
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https://www.statmodel.com/download/AuxM2.pdf

Graham, 2003

Simulation
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Syntax for Simulation

* pa.

do if (Pself3 eq 1).

do if (rv.uniform(0,1) < .05).

do repeat i=pa1 pa2 pa3.

if (rv.uniform(0,1) le m)i = $sysmis.

end repeat.

end if.

else if (Pself3 eq 2).

do if (rv.uniform(0,1) < .35).

do repeat i=pa1 pa2 pa3.

if (rv.uniform(0,1) le m)i = $sysmis.

end repeat.

end if.

else if (Pself3 eq 3).

do if (rv.uniform(0,1) < .65).

do repeat i=pa1 pa2 pa3.

if (rv.uniform(0,1) le m)i = $sysmis.

end repeat.

end if.

else if (Pself3 eq 4).

do if (rv.uniform(0,1) < .95).

do repeat i=pa1 pa2 pa3.

if (rv.uniform(0,1) le m)i = $sysmis.

end repeat.

end if.

end if.



17/08/2015

16

p. 551-2 of the 

Mplus User’s Guide

EE       ON

ROLEC     0.565      0.044     12.896      0.000

ROLEC     0.679      0.082      8.248      0.000

DP       ON

ROLEC    0.109      0.080      1.370      0.171

ROLEC    0.175      0.108      1.622      0.105

EE        0.482      0.074      6.552      0.000

EE        0.572      0.081      7.047      0.000

PA       ON

EE       -0.376      0.095     -3.946      0.000

EE       -0.334      0.081     -4.134      0.000

DP       -0.311      0.073     -4.290      0.000

DP       -0.206      0.056     -3.698      0.000

ROLEA    -0.246      0.133     -1.855      0.064

ROLEA    -0.264      0.145     -1.823      0.068

ROLEC     0.342      0.162      2.110      0.035

ROLEC    0.339      0.161      2.109      0.035

EE       ON

ROLEC    0.797      0.049     16.238      0.000

DP       ON

ROLEC    0.233      0.050      4.668      0.000

EE       0.449      0.036     12.401      0.000

PA       ON

EE      -0.205      0.033     -6.214      0.000

DP      -0.259      0.033     -7.961      0.000

ROLEA   -0.346      0.076     -4.532      0.000

ROLEC    0.269      0.075      3.570      0.000

Results without (black) and with (red) auxiliary variables Results without missing data


