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Modern Strategies to Handle Missing Data:

A Showcase of Research on Foster Children

Issue:

Analysis of Data
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" How are you going to deal with
missing data?

A. | will only have a small number of

missing data, so | will not deal with this

missing data l
Pairwise deletion, listwise deletion or

mean imputation

Multiple imputation or FIML estimation
don't know yet

Not applicable. | don't have / will not
nave missing data at all
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My PhD study
Missing data: an introduction
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Practical guidelines
Summary & Discussion
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Background
Preferred out-of-home placement option
» Foster care not always developmentally
peneficial for children (Goemans et al, 2015, 2016)

» Importance of longitudinal studies for o=
understanding conditions and processes that
influence foster children’s development




Method:
online
questionnaires

> N

Design:

3-wave
longitudinal °

study

Goal PhD study:
Examine which
factors are related
to foster children’s
development




e T1: October 2014 (N = 446)

Complete cases: 342/446 = 76.7/%
e o T2: April 2015

e T3: October 2015 (N = 156)

Attrition: 100-(156/431) = 63.9%




Example 2:
FIML
estimation
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Example 1: -
Multiple <
imputation

Today:
Two examples of
modern strategies
to handle missing
data
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Missing data: an introduction
« Causes N
« (Consequences of missing data
\  Missing data mechanisms:

— MCAR

g — MAR
— MNAR
/

_

Check this with Little's MCAR test: SPSS > Analyze >
MVA / and other methods

« Ways to handle missing data |
g — Traditional/simple methods — assumption: MCAR
— Modern strategies — assumption: MCAR/MAR

S - oS




Traditional/Simple methods

1. Listwise deletion — complete case analysis
2. Pairwise deletion — available case analysis
3. Mean substitution

| Conclusions:

 All simple methods make strong and often
unrealistic assumptions

@ * Listwise deletion is the least flawed, but very
“’,< wasteful.

% - Avoid and use modern technigues!
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Modern methods

1. Hot deck imputation

2. EM algorithm

3. Multiple imputation (M)
4. FIML methods
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Example 1. Overview

Research question

Which factors are related to foster
children’s psychosocial
fu ﬂCtiOﬂiﬂg? (Goemans et al., 2016)

@ | Data

Wave |
B | Analysis Hierarchical regression analysis
|| Software SERS

Type of missing data

ltem nonresponse

Strategy

Multiple imputation




Example 1. Missing data

Sample size: 446
™« No more than 10% missing on each variable
8 » Range missing: 0-7.2%

il © Mean missing: 2.0%

Complete data tfor 342 (7/6.7%)




Multiple imputation

IMPUTATION ANALYSIS POOLING

. .
L L

incomplete data imputed data analysis results final results

Rubin (1987)
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How to actually do it?

* Missing data mechanism? (MCAR or MAR?)

« SPSS: Analyze > Multiple imputation > Impute o
missing data values

— Some suggestions:

* Variables tab: use all variables, also DV (more
reliable), 20 imputations (Graham et al., 2007)

* Method tab: custom (MCMC), max iterations:
100, model type: dependent on multivariate
normality
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Imputation_ | UniekeCode | PZinstelling | Q6GeboortedatumPK DatumEerste Startdatum
eetmoment
13 05.11.2009 01.10.2014 1-Oct-2014 17:19:17
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0 47 27.09.2002 01.10.2014 1-Oct-2014 17:16:04
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Coefficients®

Standardized
Unstandardized Coefficients Coefficients
Imputation Number  Model B Std. Error Beta t Sig. N
Original data 1 (Constant) 12,861 862 14912 ,000
Leeftijd numeriek -,046 076 -,027 -,606 545
1 1 (Constant) 12,151 859 14,849 ,000
Leeftijd numeriek -038 076 -023 -501 617
2 1 (Constant) 12,769 859 14,863 ,000
Leeftijd numeriek -,040 076 -,024 -523 601
3 1 (Constant) 12,799 860 14,888 ,000
Leeftijd numeriek -042 076 -025 -.560 576
18 1 (Constant) 12,849 862 14,902 ,000
Leeftijd numeriek -.047 076 -028 -621 535
19 1 (Constant) 12,766 859 14,856 ,000
Leeftijd numeriek -,039 076 -,023 -520 604
20 1 (Constant) 12,774 858 14,881 ,000
eeftijd-urreriek - 040 0 524 =530 596
— | Pooled 1 (Constant) 12,806 861 14,870 000 |
~—— Leeftijd numeriek -,043 076 - 568 __—M—’
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Example 2: Overview

Research question Are there transactional relations
between foster children’s internalizing
and externalizing behaviors and
foster parents’ stress?

Data Wave |, I, Il
Analysis Structural Equation Modeling (SEM)
Software EQS

Type of missing data | Attrition (wave nonresponse)

Strategy FIML estimation
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Example 2 Missing data

ltem nonresponse vs. attrition
 Original sample size: 431

N present at Wave |, ll, Il = 156
Attrition rate = 63.9%

* N present at Wave | and Il (not Wave lll) = 56
N present at Wave | and Il (not Wave Il) = 25
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e
FIML estimation:

Does not impute data

e Use all available information to estimate
parameter values and standard errors

_ * Available in the SEM software packages

“§
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How tdactually o it?

* Missing data mechanism? (MCAR or MAR?) <@
« EQS |
* Specifications:

— MISSING=ML, SE=FISHER;
ANALYSIS=MOMENT

— In case of non-multivariate normality: \/
METHODS=ML, ROBUST OV
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Suggestions for making it work:

 Books and articles
* YouTube tutorials

* Read other articles with the same study
design / in which the method is described

* Take your time!
* Trial and error
 Ask for help



Further reading: 5

Baraldi & Enders (2010). An introduction to modern
missing data analyses.

Graham (2009). Missing data analysis: making it
work in the real world.

Jackson et al. (2012). Strategies for longitudinal
research with youth in foster care: A demonstration
of methods, barriers, and innovations.

Jelicic et al. (2009) — Use of missing data methods in
longitudinal studies: the persistence of bad practices |
in developmentla psychology.

Peeters et al. (2015). How to handle missing data: A
comparison of different approaches.

-——



Guidelines for reporting:

« What did you do to prevent missing data?
« How much missing data do you have?

« What is the missing data mechanism?

* How did you handle the missing data?

Burton & Altman (2004); Jelicic et al. (2009); Peeters et al. (2014), Peugh &
Enders (2004); Schlomer et al. (2010)
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Ml and FIML best
methods currently
available

General methods

e More work

* More complex?
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| Vote again!

A. I will only have a small number of
missing data, so | will not deal with this
missing data

B. Pairwise deletion, listwise deletion or
mean Imputation

Multiple imputation or FIML estimation
don't know yet

Not applicable. | don't have / will not
nave missing data at all
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Discussion:

1. What did you already know about dealing
with missing data?
. Do you feel confident to apply or get the
tools to apply modern strategies to handle
missing data?

. Is one modern method preferred over the
other?
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Modern Strategies to Handle Missing Data:

A Showcase of Research on Foster Children

Thank you for your attention!

Anouk Goemans
Email: a.goemans@fsw.leidenuniv.ni
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