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PART II
The missing-data problem'

The problem

Most statistical analysis and estimation procedures were not designed
to handle missing values

¥ Even small amounts of missing data cause great di! culty
¥ The missing-data aspect is a nuisance, not of primary interest
¥ Principled statistical solutions are computationally messy

¥ Ad hoc or unprincipled missing-data methods may do more harm
than good (ine! ciency, misleading uncertainty measures)
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‘ The goal I

To make statistically valid inferences about population parameters
from an incomplete dataset

¥ Not to estimate, predict, or recover missing values themselves
¥ Good to understand reasons for/ causes for missingness

¥ Good to avoid modeling the missing-data mechanism if possible
¥ Untestable assumptions are inevitable

¥ Sengitivity analyses are helpful




Missing data, MI and software
| || J

History'

Missing-data t heory and practice

¥ 1970Q@ - ad-hoc procedures: case deletion, single imputation

¥ 1980Q - likelihood-based methods based on EM algorithm (Demp-
ster, Laird and Rubin, 1977)

¥ 19903 - multiple imputation; Bayes procedures using MCMC
(Rubin, 1987)

c.1980 an important shift took place. Before that, missing data were
seen as something to be gotten rid of. After that, missing data were
seen as s source of uncertainty to be averaged over.
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‘ Key references'

¥ Dempster, Laird and Rubin (1977) article on EM algorithm

Technical :

¥ Little and Rubin (1987, 2002) book on missing data: review of ad hoc
methods, description of EM and likelihood-based methods

¥ Rubin (1987) book on multiple imputation

¥ Schafer (1997) book on MCMC and multiple imputation for missing-data
problems

Mor e subject -orient ed

¥ Carpenter, J., Pocock, S. and Lamm, C. J. (2002) with special focus on
missing data in clinical trials

¥ Raghunathan (2004), Schafer and Graham (2002)

¥ Schafer and Olsen (1998)
| ||
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‘ Key references'

More comprehensive list is available at
www.missingdata.org.uk

maintained by James Carpenter
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2. Terminology'

What is a missing val ue?

Consider whether there is a well-debned QrueOvalue underlying the
missing-value code. For example:

¥ In an attitude survey, a subject refuses to answer the income
guestion

¥ In a pre-election poll, subject won® say which candidate he/ she
supports

¥ In aclinical trial, a patient drops out of a study b/c treatment
doesn® work

Sometimes it is more appropriate to consider a nonresponse to be a
qualitatively di" erent category
N H
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2. Terminology'

Types of nonr esponse

¥ Unit nonresponse: No data could be collected from the sampled
unit (e.g. not at home, refused to participate, etc.). Traditionally
handled by reweignhting.

¥ Item nonresponse: Partial data collected for the unit, but some
items missing (e.g. skipped the income question). Traditionally
handled by imputation.

In complicated datasets (e.g. paned studies), there are some intermedi-
ate situations:

¥ “Wave” nonresponse: subject is missing for one or more waves

¥ Attrition or dropout Subject leaves study and does not return
| ||
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‘ Missingness mechanisms'

View response as a random process (Rubin, 1977). Not because we
want to model it, but because we want to clarify the conditions under
which we DO NOT have to model it!!!

Y =

complete data

(Yobs, Ymis)
Indicators of response

will always denote the completely-observed auxiliary data

10
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‘Missingness mechanisms: MCARI

1. Missing completely at random (MCAR)- Probabilities of
missingness unrelated to data

P(RIY) = P(R)
¥ nonrespondents are like a random subsample

¥ rarely satisbed in practice

¥ may be refuted by examining Yqps and R

11
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‘I\/Iissingness mechanisms: I\/IARI

2. Missing at random (MAR)- Probabilities of missingness may be
related to Yops but Not Yimis

P(R|Y) = P(R| Yons)

¥ also called Ognorable nonresponseO

¥ cannot be refuted by examining Yo, and R
¥ becomes more plausible as Y5 IS enriched
¥ under MAR, one does not need to model R

¥ good QdefaultOassumption
N H

12
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Missingness mechanisms: MNARI

3. Missing not at random (MNAR)- Probabilities of missingness
may berelated to Ynmis

¥ | ALWAYS HOPE THISISNEVER THE CASE!
¥ also called Qhonignorable nonresponseO

¥ moredi! cult to handle than MAR

requires explicit joint modeling of Y and R

other un-veribable assumptions need to be made

methods will tend to be problem-specibc

K K K K

Pattern-mixture models (Hedeker and Gibbons, 1997; Hedeker and
Gibbons, 2006; Roy, 2003); likelihood-based methods. Tang, Little and
Raghunathan (2003); Fittzmaurice and Laird (2000)

13
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¥ Simple case deletion

Older methods'

— used by default in many statistical packages

— only works (ine!
MAR

ciently) under MCAR, biased results under

— In multivariate problems, too many cases may be discarded

¥ Reweighting methods

— Often used to handle unit nonresponse, makes adjustments
through survey weights so that educedOsample resemble the

population

— Only works under MCAR, which can easily be tested

14
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Single imputation'

¥ Mean imputation

¥ Hot deck imputation (replaces each missing value by randomly
drawn observed value)

¥ Regression imputation
Common problems:

¥ Whenever missing data are replaced by one set of imputed
values, later analyses will not refdect missing-data uncertainty:
overstated sample size, narrow CIs, high type-1 error

¥ Often OmplementableOin univariate problems, impractical in
multivariate settings with arbitrary missingness

15
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Problem with single imputation (ctd.)'

Exampl e: Scal ar Inference
¥ 30% missingness

¥ conbdence intervals for a scalar quantity (regression coe! cient,
odds ratio, relative risk, etc.)

Nominal coverage 90% 95% 99%
Actual coverage 77% 85% 94%

16
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Multiple imputation'

A simulation-based approach to missing data

Multiple imputation

Observed data Imputations
12 ... m

17
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‘Multiple Imputation (ctd.)'

¥ Retains much of the attractiveness of single imputation from a
conditional distribution but solves the problem of understating
uncertainty

¥ Replaces each missing value by a list of m smulated values

¥ Each of the m data sets is analyzed in the same fashion by a
complete data method; the results are then combined following
Rubin@ rules

Rubin (1987) calls this the repeated-imputation inference method

18
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‘Multiple Imputation (ctd.)'

¥ works with standard complete-data analysis methods
¥ One set of imputations may be used for many analyses

¥ can be highly el cient, even for small m

— The el ciency of an estimator based on m imputations is
(1+ !/m)' 1, where! isthe rate of missing information

19
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Multiple imputation: RULES for combining estimates'

After obtaining m imputations of Ynis, analyze the m completed
datasets and combine the results

Rubin@ (1987) rul es for scal ar estimat es

Q =
9 =

o
[

complete-data point estimate
complete-data variance estimate

0 T
1

=

(m! 't ((95! @)°

t=1
Between imputation variance

20
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| ||
g = mD y®
t=1
= Within imputation variance
T = @+ (1+m')B

Total variance

Interval estimateis@+ t, T, where

"= (m! 1) 1+

[ ] g Lo ]

(1+ m'1)B
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Multiple imputation: RULES for combining estimates'

¥ Degrees of freedom vary fromm! 1to# , depending on relative
sizesof @ and (1+ m' 1)B

¥ Relative increase in variance due to nonresponse is estimated by

_(1+m'YHB
- g

¥ Fraction of missing information is estimated by

r+ 2/ (" + 3
r+ 1

r

NoteO this estimate can be noisy for small n

22
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Multiple imputation: RULES for combining estimates'

Additional methods available for multidimensional estimands

¥ Combining point estimates and covariance matrices (Li, Raghu-
nathan, and Rubin, 1991)

¥ Combining p-values (Li et al., 1991)

¥ Combining likelihood-ratio test statistics (Meng and Rubin, 1992)
All methods reviewed in Schafer (1997, ch. 4)

23
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Multiple imputation'

Proper multipl e imputation

¥ The validity of MI rests upon how the imputations are created
and how that procedure relates to the model used to subsequently
analyze the data

¥ Creating MI@ often requires special algorithms (Schafer, 1997;
Raghunathan et al. 2001; Schafer and Yucel, 2002)

¥ In general, they should be drawn from a distribution for the missing
data that ref3ects uncertainty about the parameters of the data
modeél; P (Ymis | Yobs, #).

¥ Simulatem independent plausible values for the paramaters#®b, #2), ..,
then draw the missing data for each #9,i = 1,2,...,m

24
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‘Multiple Imputation (ctd.)'

¥ AndependenceOis key to get to the multiply imputed datasets

¥ Assess whether the m versions are independent using time series
plots (PART 11)

¥ Use each of the m data to bt the models and combine the results
(More on thisin Part |1)

25
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Multiple imputation: Imputation models

¥ Theimputation model should include
— variables crucial to the analysis
— variables that are highly predictive of them
— variables that are highly predictive of the missingness
— variables that describe special features of the sample design
(probability surveys)

¥ Relationships that are the subject of future analyses should be
present

¥ May rely on extra information

¥ Approximate models are usually okay

26
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Creating |\/||SI

Mor e Gener al ly Weneed to obtain independent draws
(]

P(Ymis|Yobs)= P(Ymis| Yolbs,#P(#]| Y obs)d#

Y(l) Y(m)

mis’ " - 1 'mis

where # = parameters of the imputation model
¥ P(#| Yobs) isoften intractable

¥ gpecial computational methods needed (Markov chain Monte Carlo,
MCMC)

¥ NORM uses a class of MCMC, Data Augmentation, to accomplish
this

¥ Augments the unknowns (missing data and parameters) from their
prospective distributions and iterate for a number of cycles
| ||
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¥ Must have large number of iterations to ensure that draws of
missing data are independent

— time series plots of #

— autocorrelation functions for #

28
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‘Creating MIs’:Practical Advice'

¥ Be conservative; its better to overestimate the number of cycles
needed

¥ Before trying data augmentation, it s a good idea to run EM, if
EM is available

¥ Parameter estimates from EM are good starting values for DA

¥ Convergence behavior of DA is usually resembles that of EM

Rule-of-thumb: If EM converges by t cycles, DA will almost
certainly converge by t cycles as well

29
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| Software for Ml '

Softwarefor imputation under a multivariat e nor mal model

¥ NORM (Schafer 1999):Free Windows program. Uses data
augmentation.

¥ Amelia (Gary King et al., 2001): Free program; also available as
macros for GAUSS. Uses importance resampling rather than DA.

¥ PROC MI (SAS version 8.2): SAS procedure equivalent to
NORM, also implements other methods for creating multiple
Imputations

¥ S+ Missing Data (S-PLUS Version 6) and R library norm:
M| for Gaussian model; equivalent to NORM

30
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‘Software for I\/II(ctd.)I

Software for imputation under ot her model s

¥ CAT, MIX: Schafer@ (old) S-PLUS functions for categorical
data, mixed continuous and categorical data; now obsolete (part of
SPlus library(missing) and R libraries cat and mix)

¥ PAN Schafer and Yucel (2002): program for longitudinal data;
under development. Currently available as R library pan.

¥ SOLAS (Statistical Solutions, Inc.): Multiple imputation by
two methods

— Propensity-score method with approximate Bayesian bootstrap
(Lavori, Dawson and Shera, 1995). This can be dangerous!
(Allison, 2000)

31
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— Model-based method using a sequence of regression models;
requires missingness pattern to be monotone.

¥ MICE and lIveWare: S+ and R functions for approximate M|
using Gchained regression equationsQ IveWare is a set of fortran
routines and available as SAS macro. MICE is available from

http:\\www.multiple-imputation.com

¥ SHRIMP: Same idea with IveWare; SHRIMP uses hierarchical
regression models (Yucel, Schenker and Raghunathan, 2007)

32
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‘1. Methods for continuous incomplete data'

Y, Y, .Y,
1 ?
2 ? ? : missing values (MAR)
37
? ? n units are independent and
Identically distributed N(0,2)
?
?
?
n ?
||
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Part Il: Creating multiple imputations'

34
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‘Imputation model : The normal model'

Y = matrix of complete data

(y11 y21 LI 1yn)T

Assume that

YLYZ, e ,yn | #$ Np(ui#),
where # = (U, #) IS unknown.

¥ Each variable is assumed to be normal

¥ Units are regarded as independently drawn from the same population
(no strata or clusters, in surveys may use these as random variables)

¥ Only simple (pairwise) associations among variable; no interaction

Most real data depart from these assumptions. But we may still be

able to use the normal model to produce good-quality imputations.
| ||
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The normal model: How about non-normal variables’?.

¥ If avariable is skewed, apply a transformation (sgrt, log, etc)

¥ If a variable is binary or ordinal, impute under the normal model
and round 0" imputed valuestothenearest (OBSERVED) category

¥ Better methods are available (Yucdl, He and Zadavsky, 2007?) but
the gain is minimal

Simulations show that multiple imputation is quite robust to model
misspecibcation (Schafer 1997, ch. 6)

Completely observed cat egorical data A k-level categorical
variable with no missing values may be included in a normal model

¥ Replace the variable with k! 1 dummy codes

¥ Inferences are not harmed because the variable is never imputed
| ||
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The normal model: Complex Associations

¥ Normal model implies that each variable has an additive, linear
regression on the other variables. Imputations will not ref3ect

— nonlinear relationships
— Interactions

¥ If Y1 and Y> are completely observed, then we can include higher-
order variables Y12, Y1Yo, etc. without harm

¥ If missingness on Y; and Y is mild, we may include higher-order
variables in the imputation model, but remove them from the
Imputed dataset and recalculate them

¥ For these IveWare could be an alternative
| ||

37




Missing data, MI and software
| || J

Example: Children with special health care needs (CSHCN]

¥ Goal was to examine types of need and prevalence of unmet need
for all CSHCN and for more severely a" ected CSHCN; and to
explain variations using child and family characteristics (Kristen,
Yucel and Kuhlthau (2007))

¥ Data source was the 2001 National Survey of Children with Special
Health Care Needs (NSCHCN)

¥ Arbitrary patterns of missing data, small amounts in each variable
(response or covariate), however overall adds up to around 10%
missingness

¥ For now ignore clustering due to states, or primary sampling unit

counties. Use dummies to refdect such €"ects in the imputation

model
| ||
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Data Example: CSHCNI

Strategy

1. Impute missing values m = 10 times using NORM software

¥ Most of the variables are binary or ordinal, transformations are
needed

¥ All these variables are jointly modeled!
2. Fit alogistic regression model (10 times) to predict the log-odds of

unmet need given covariates (SES, insurance, severity, etc) to see
the €" ects of insurance status, severity, etc.

3. Combine estimated coe! cients and standard errors using Rubin@
rule

39
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NORM: http://www.stat.psu.edu/ jls/misoftwa.html

Free Windows program for multiple imputation using Bayesian methods
based on a multivariate normal model. It acts as a

¥ Pre-processor, Pllingin themissing valuesso that other statistical
programs can make full use of your data

¥ post-processor, combining the output (estimates and standard
errors) from m statistical analyses to produce a single set of results

40
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NORM'’s basic functions.

¥ Summarize rates and patterns of missing values

¥ EM algorithm for el cient estimation of means, variances and
covariances from an incomplete data set

¥ Data augmentation procedure for creating proper multiple
Imputations of missing values

¥ Series plots to diagnose the convergence behavior of data
augmentation

¥ Facility for combining the results of a multiply-imputed data
analysis, using Rubin.s (1987) rules for M1 inference

All functions are invoked through an easy-to-use graphical Windows

Interface
| ||
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NORM : Features '

¥ no limit to the number of cases or variables (sometimes crashes
after 60 variables, better to use the OmnissingOlibrary of Splus, or
QhormOlibrary of R)

¥ Interactively tabulate and plot variables

¥ Include or exclude variables from the model or imputed data
Sets

¥ apply transformations to improve normality

¥ automatic rounding of imputed values to any precision, or to the
variable@ nearest observed values

¥ extensive on-line help manual

42
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|SAS PROC MI '

¥ (was experimental!) SAS procedure for creating multiple imputa-
tions

¥ Assumes sampled units to be independent (no clustering), so
Important to incorporate design variables as much as possible

¥ Several methods are available for creating multiple imputations

¥ Method of choice depends on the missingness patterns

43
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SAS PROC MI : Choosing the imputation method'

¥ Monotone missingness: regression imputation assuming a
multivariate normality, or propensity score method.

¥ Arbitrary missing patterns: A markov chain monte carlo
(mcmc option) that relies on the NORM techniques

¥ More information available at
http://support.sas.com/rnd/app/da/new/802ce/stat/chap9/sectl2._ht

44
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‘SAS PROC MI : Example code'

*mul tiply inpute 10 dat asets;
proc m data=sanpl e seed=32984 out =out m ni nput e=10
Mnimum=94 42 00-26 00010 1 16 11100
maxi mun¥221 106 51 32 11651 36430 44631
Round= 11 11.01 11111.01 1 11111
var bps bpd sesum
racewb agecent narriedYN F nhs consum exer
snoke trustsc decsumenpl oy finance house
Nonconpsc snoke_r ace;
ncnt tinepl ot (mean) acf pl ot (nean) ;
run;

¥ GseedOinitializes the random number generator

¥ QputmiOis the output data that will contain the 10 imputed data,
It will have a variable called

““ Imputation_
referring to the number of the imputed data

¥ Maximum and minimum are used to determine the ranges of the
| ||
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(observed) variables
¥ QoundOindicates the units to round variables in the imputation

¥ var statements identibes the variables to be analyzed, all variables
must be numeric.

46




Missing data, MI and software
| || J

‘SAS PROC MI : Example code (ctd.)'

*regression on bps and bpd,;
proc reg data=outm 2 outest=outnodel 5 covout ;* noprint;
nodel bps bpd= snoke trustsc decsumracewb agecent narriedYN
F nhs snoke race;
by Inputation ;
run;

¥ Each imputed data set is used to bt a regression

¥ Important to use

““by _Imputation_
so that thereg. proc goes through the 10 imputed dataset

47
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‘SAS PROC MI : Example code (ctd.)'

*Sort by Dependent variable so M Anal yze can exam ne bot h dependent vari abl es;
proc sort data=out nodel 5;
by depvar_;
run;
*set ods file nane;
ods rtf file=Qd:\M Mdel 5.rtfO styl e=m ni nal ;
*conbi ne paraneter estimates and standard errors using Rubi nGs rul es;
proc manal yze dat a=out nodel 5 edf =158;
var intercept snoke trustsc decsumracewb agecent narriedYN
F nhs snoke race
by depvar_;
run;

¥ Finally, PROC MIANALYZE combines the 10 sets of regression

coel cients and SEs

48
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Software for categorical and continuous data'

¥ Commonly used software for imputing categorical or mixture of
categorical and continuous data are cat and mix (R packages by
Schafer (1997))

¥ Relies on joint model for the variables

¥ Asthe number of variables increase, estimation problems are very
likely

¥ Good solutions for small missing-data problems, easy monitoring
convergence

49
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More diverse set of variables, skip patterns'

Y. Y Y ALL KINDS OF VARIABLES:
= : CTS, BINARY, ORDINAL, ETC.
2 ? \ ? : missing values (MAR)
312 N
§ ? ? n units are independent and
§ identically distributed N(O,>
N N\
N .
\ § . skip patterns
N N
n ?
H
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lveWare

lveWare: http://www.isr.umich.edu/ src/smp/ive/

¥ NORM, CAT, SAS PROC MI or MIX all have limitations for
creating imputations in surveys with skip patterns and many
variables of di" erent nature (continuous, binary, ordinal, nominal,
count, semi-continuous)

¥ SAS Macro developed by Raghunathan and colleagues at the
University of Michigan

¥ Primarily deals with missing values in surveys

¥ Also has an option for calculating accurate estimates of variances
In complex sample surveys, incorporating sampling weights

¥ No clustering, units are assumed to be independent
N H
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IveWare: Imputing Survey Data'

What to do with Skip patterns (restrictions), bounds

¥ Survey items on OnammographyOor GsmokingOare not applicable
to all individuals

¥ Should we set the values of men on mammography to missing?
¥ Probably better to assume a model on the correct sub-sample

¥ On some other items with incomplete data, appropriate mod-
els (such as truncated probability distribution) could be more
appropriate (e.g. Qyears of smokingQ

52
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Ilve\Ware : Idea.

¥ Imputation on a variable by variable basis conditioning on all
observed variables

¥ Creates imputations through a sequence of multiple regressions
with covariates including all other variables (observed or imputed)

¥ Theseguence of imputation occursin acyclical manner, overwriting
previously drawn values

¥ Type of regression models depends on the variable being imputed

53
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‘ IlveWare (ctd.) I

Models
¥ linear regression for continuous variables
¥ logistic and polytomous regression for binary and ordinal variables
¥ multinomial regression for nominal

¥ two-part model for semi-continuous variables

54
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‘ IlveWare (ctd.) I

¥ Draws from QoragmaticOconditional distributions
¥ Cannot be derived from a joint distribution

¥ Dil cult to assess analytically appropriateness of this Capproxima-
tionO

¥ Useful for creating multiple imputations especially in highly
multivariate problems

55
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Ive\Ware: Modules'

¥ IMPUTE: creates multiply imputed datasets using the sequential
approach

¥ DESCRIBE: estimates population parameters (means, subgroup
di" erences), nice feature for complex sample surveys

¥ REGRESS: bts a variety of models for data resulting from a
complex sample design

¥ SASMOD: allows users to take into account complex sample
design features when analysing data with several SAS procs.

¥ All three modules (DESCRIBE, REGRESS, SASMOD) allow
missing values and preform multiple imputation analysis

56
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‘4. Methods for multilevel incomplete data'

Multivariat e | ongit udinal data

occasion
May 89
Jan. 90
April 91

Aug 98

\YGL1 \YEZ, LA \er

Y, X, Y, Y, Y, Y,
! |||||| ! |||||||| ? !" ||||!|| |||||!|!II. ?
! ? ? 2 92 9
') ? ? ! lllll !ll |Il!!l! ?
2 ey 2 2 2
! ?2 7?1 2 2 .9
Subject 1 Subject 2

Yl Y2 Yr
? 2 ?
I IIIIII ! llllllll ?
? 2 !
? ? ?
oyt |
Subject M

observed value

? = missing value

= set of r incompletely-observed variables

(may be measured at a di" erent set of occasions for each individual)
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Data Nature.

Important Rel at ionships
¥ Relationships among variables Y4, ..., Y, within aunit at each time

¥ Growth or change in any variable Yj within an individual across
time points

¥ Relationships between response variables Yq,...,Y, and any
additional subject level (non-time varying) covariates included in
the model

¥ sampling design producing correlated units

58
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Example : NHANES IIII

¥ Conducted on a nationwide probability sample of approximately
33,994

¥ Designed to obtain nationally representative information on the
health and nutritional status of the population

¥ Data obtained through interviews and direct physical examinations
¥ Moderate amounts of missing data

¥ Subset of variables with a variety of distributional forms is
considered

¥ Primary sampling unit istreated as cluster

59
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‘PAN (Schafer and Yucel (2002))'

¥ Estimation and imputation routines for two-level multivariate
linear mixed model, available as R packages mlmmm and pan, here
use pan for creating multiple imputations

— preserves OQnain €" ectsO of time-varying covariates on time-
varying response

— correctly ref3ects sampling design or correlated data into
Imputations

— therefore, standard errors are not understated
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|Two—|eve| model '

Vi = Xi$+Zib+% 1=1...,.m

(nj %r) matrix of variables with MISSING values

(nj % p) matrix of covariates (NO MISSING VALUES)
(nj %q) matrix of covariates

(p%r) regression coel cients

Ngr (0, &) random €" ects

Nn,r(0,# & I,) errors

unstructured or block diagonal (e.g. r blocks of size q%0Q)
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Two-level model: creating imputations'

MCMC algorithm (Gibbs sampler)
¥ Unknown quantities Ymis, bi, #= ($.#,9$)

¥ If b@ are known, this would be just a bxed model drawing # is

easy
¥ For bxed # draw b

¥ For bxed by, #, draw Ynmis

62




Missing data, MI and software
| || J

\ Prior distributions'

$ $ uniform on R! " (Improper),
$#1 $ Wishart("1,%),"1" rq,
#*1 $ Wishart("s,%),">" T,

where

"#logtl . prior guessfor $,and

"2log 1 prior guessfor #.

63




Missing data, MI and software
| || J

‘NHANES I11: VVariables summary'

Incomplete variables included

¥ Continuous variables: HDL cholesterol, Diastolic blood pres-
sure, BMI

¥ Binary variables: Gender, smoking status, existence of high
blood lead level

¥ Ordinal variables: Education, physical activity
¥ Nominal variables: Race
¥ Count variables: number of drinks a month

Jointly model these variables (except for race) using the two-level model
with random intercept to allow means vary randomly by clusters. Note

that thisis an approximate model.
| ||
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Combined estimates.

¥ analyzed each imputed dataset using 2-level random-intercept

model for adult HDL cholesterol

¥ combine 10 sets of coe! cients and standard errors using Rubin(3

(1987) methods

Estimated coe! cients, standard errors and percent missing information

est. SE % missing
In(Drinks/ Month)  1.94 0.158 11
Current smoker -3.25 0.342 37
Active 1.15 0.465 51
Female 8.91 0.326 8
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Notes I

¥ 3-level model (both longitudinal and clustered) is also available as
R function (Yucel, 2007)

¥ Models with random covariances (Yucel, 2007)

¥ MLwiN (Rasbash, J., Sted, F., Browne W. and Prosser, B.
(2004)) has experimental macros for imputing missing data under
multilevel models
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Mixed incomplete data in multilevel settings: SHRII\/IPI

Incomplete longitudinal data

continuous categorical OTHER TYPES continuous categorical OTHER TYPES
occasion Y, ¥ Ey 7,7 Ez 0,0, E O Y,y Ey, 7,Z,EZ, 0,0, E O
1 ? ? ? ? ? ? 2 2
2 ? ? 2 2 2 ?
31|? 2 ? ? EE 3(? ? ?
> ?
2 2 2
t 122 ? t, |2 ?
Subject 1 Subject m

? . missing observations (MAR)

X: predictor matrix (completely observed)
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M ore com plications?

contihuous categorital OTHER TYPES contihuous categorttal OTHER TYPES
case Y\ Y, Y 2, 2,7, 0,0, .. Oy .Y, Y Z,Z,-7%, 0,0, .. O,
1| 2 ? ? ? 1 2 § ? ? ?
2 \ ? '; § ) 2 2
3 ?§ ? Y ¢ | .. 3(? ? § '
2 = =
=
? = ?
? ?
Clisterl Clisterm

? :m Bsihg observatons (MAR)

: skp pattems, restrctons and bounds

i

X : predrtorm atrix (com pketely observed)
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Creating multiple imputations: SHRII\/IPI

¥ |ldeally Mls are realizations from the posterior predictive distribution of
miSSing data: I:)(Ymis, Zmis, Omis | Yobs, Zobs, Oobs)

¥ In applications complicated by correlated data, variables of di" erent
nature and skip patterns, thisjoint distribution is di! cult to derive

¥ SHRIMP like lveWare alternatively draws from the pragmatic conditional
distributions instead of potentially nonexistent joint distribution of
missing data

¥ formulate a set of conditional distributions relating each variable to a set
of other variables

¥ reasonable but incoherent in the QointOsense

¥ probably the only solution for Qylobal missingnessOin the survey world
(NHANES, NHIS; skip patterns)
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SHRIMP(ctd.)I

Models

¥ linear mixed-e" ects regression (special case of PAN of Schafer and
Yucel (2002))
¥ Generalized linear mixed-€" ects models
— binary
— ordinal
— multinomial
— poisson

¥ Mixed-€" ects models for truncated variables (not yet implemented)

71




H Missing data, MI and software

\NHANES 111: Restrictions and bounds.

¥ Logical restrictions: ref3ected in skip patterns.

— Number of years since quit smokingQOis debned only for former
smokers

— Hence the imputation process for this variable should be
restricted to former smokers

¥ Restrictions, bounds:
— Orears of smokingOis restricted to current or past smokers

— Unwillingness to produce exact response (e.g. income) but does
debne bounds within which the imputed value must lie
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‘ NHANES Il1l: Imputations I

¥ With all these types of variables, restrictions and bounds, pos-
tulating a joint modd for imputation (e.g. PAN) can be very
di! cult
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‘ NHANES I11: Imputations I

¥ Create multiple imputations by SHRIMP:

Start from the variable with least amount of missing values

Create imputations through a sequence of multiple regressions,
varying the type of regression model by the type variable being
Imputed

Covariates include all other variables observed or imputed

Continue in a cyclical manner, each time overwriting previously
Imputed values

Multiple imputations are created with di" erent random seeds
or taking every K ™ imputed set of values
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NHANES I11: Post-imputation analysis'

¥ Suppose substantive interest liesin the following modd:

— A linear regression model with HDL cholesterol asthe dependent
variable and alcohol consumption, smoking status, physical
activity, body mass index, race/ ethnicity, gender, and education
as predictors.

— Compare MI results from complete-case analyses, SHRIMP
(sequential variable-by-variable) and PAN (joint model)
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NHANES Ill: Summary of results I

Table 1: Mixed-€" ects model for adult HDL cholesterol

Complete-case Ml SHRIMP Ml PAN
Variable Coe [cieht estimate
In(Drinks/Month) 2.91 2.30 1.94
Current smoker -3.57 -3.17 -3.25
Active 0.83 1.23 1.15
Female 10.87 8.25 8.91
Standard error
In(Drinks/Month) 0.159 0.112 0.158
Current smoker 0.375 0.289 0.342
Active 0.451 0.411 0.465
Female 0.355 0.298 0.326
N=15443 N=18825 N=18825
||
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