software review

Missing Something?

Multiple imputation software might help find missing value data.

By Ken Deal

issing data in marketing research is a problem that’s
M rarely discussed and too often ignored. On top of our

problem of declining response rates, we have respon-
dents who can’t or don’t want to answer every question. The
imputation of missing values should never be used as a quick
fix for poor fieldwork or inadequate designs. However, survey
researchers live with the reality of missing values and we
should understand that there are different approaches to
resolving this issue, appreciate those differences, know when
to use each procedure, and have access to computing applica-
tions that support the alternatives. The point that is made by
those who are seriously involved in research on missing values
is that whatever you do is wrong, but some actions are more
justifiable than others.

In 1999, Pennsylvania State University professor Joseph
Schafer said that the goals of missing value imputation are “to
properly reflect uncertainty, to preserve important aspects of
the data distributions, and to preserve important relation-
ships.” It seems that only multiple imputation procedures for
missing value replacement can satisfy all three goals.

Sophisticated but easy to use software has been available
for less than a decade, but is not on the radar scopes of all data
analysts. Two special-purpose applications seem to dominate
the statistical discussions of missing values, SOLAS 3.2 (mar-
keted by Statistical Solutions of Saugus, Mass., and copy-
righted in 2001) and NORM 2.03 (released in November
2000 and developed by Schafer). The version of NORM 2.03
used for this article runs by itself in Microsoft Windows while
another version operates within S-Plus along with three sister
applications. SOLAS 3.2 seems to be heavily based on the
work of Donald B. Rubin, a respected and prolific missing val-
ues researcher from Harvard University. SOLAS 3.2 is primar-
ily a regression-based approach to imputing missing values,
while the calculation engine of NORM 2.03 is based on the
EM algorithm and data augmentation. Both applications use
simulations.

You might find that working with a sophisticated missing
value imputation application raises questions that you never
thought of before and, even worse, makes you think about
conducting a lot more work for taking care of missing values.
When working with some data sets, it will seem like the
amount of effort for imputing a few missing values is more
than it’s worth. When these voices invade your concentration,
keep the following quotation from Rubin in mind. “Lest all

these comments make the task of multiple impurtation appear
too daunting to attempt, I must add that even doing multiple
imputation relatively crudely, using simple methods, is very
likely to be inferentially far superior to any other equally easy
method to implement ... And the use of SOLAS 3.2 (or
Schafer’s software or [Gary] King’s) to create a multiply-
imputed data set is nearly certain to be far superior to any
other generally feasible approach.”

Certain characteristics describe the two data sets I use for
illustrating SOLAS 3.2 and NORM 2.03. First, a large Internet
survey of 8,866 panel members provided data containing a
very large battery of attitude statements that were not missing
at random and demographics that were fully complete. Second,
dara from a survey that was used in a legal proceeding from
which I extracted an attitudinal battery, several additional atti-
tude statements, and several demographic questions. The miss-
ing values seem to make a statement of missing at random
(MAR) reasonable. The survey was conducted by telephone
interviews among 601 customers of a large retail store.

The data sets were analyzed using the single imputation
procedures of mean replacement and random hot decking and
the multiple impuration techniques of propensity scoring and
predictive modeling within SOLAS 3.2 and the EM/dara aug-
mentation multiple imputation procedure in NORM 2.03.
Researchers in the area of missing value analysis and imputa-
tion caution that the assumptions and hypotheses surrounding
the missing values are critical to the usage of the available
methodologies. 1 purposely did not conscientiously check to
ensure that the techniques’ assumptions were met and was
pleasantly surprised to find that Rubin’s quote is very true.

Input and Preparation

Data can be brought into SOLAS 3.2 from SPSS, SAS,
BMDP, Excel, dBase, ASCII, Gauss, Minitab, FoxPro, S-Plus,
SYSTAT, and several others. Variable names are brought in
directly and the missing value codes used in the original appli-
cations are translated to the SOLAS 3.2 format automatically.
The output from SOLAS 3.2 can also be rendered in any of the
input formats. An attractive and informative spreadsheet form
is used for the darta once it has been imported into SOLAS 3.2.

NORM 2.03 demands that the data be in a *.dat file with no
variable names included in the first row. The variable names have
to be typed into a window in NORM 2.03 or the facility exists
for drawing in a separate file of variable names to save typing
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time. The data can be viewed after drawn into NORM 2.03, but
the sheet is not as flexible as the SOLAS 3.2 spreadsheet.

The type of data and its intended use within SOLAS 3.2
must be specified for all of the variables. The data can be reor-
ganized and viewed in the monotone pattern spreadsheet and
l this can help to direct the investigation to engage what are

potentially the most productive analyses.

NORM 2.03 provides a fair bit of flexibility in selecting
those variables that will be part of the model and included in
the output of imputed values, as well as quite a broad range of
transformations. When impuring for integer categorical vari-
ables, the facility is included to round to integers and to
restrict the range of imputations using a logit transformation.
However, this specification must be made for each variable
separately. It would be helpful to specify this for a range of
variables. There is also a very nice facility to right click on a
variable and obtain a quick table, plot, or comparison.

Setting Computation Parameters

The analyst must specify the imputation methodology to be
used by SOLAS 3.2. For multiple imputation, a predictive
model based method or a propensity score method are avail-
able. For predictive modeling, ordinary least squares (OLS)
regression and a discriminant model are included. When the
variables are continuous or ordinal, the OLS method is
applied and, when the variables are categorical, the discrimi-
nant method is used.

The propensity score method imputes missing values by
sampling from cases that have similar propensity scores (the
estimated probability that a particular element of data is miss-
ing). Each multiple imputation is an independent draw from a
posterior predictive distribution for the missing data, given the
observed non-missing data.

After selecting the imputation methodology, each variable

| | name must be dragged separately and tediously into a window
denoting the variables needing imputation. The SOLAS 3.2
imputations use information from a base set of covariates that
ideally contain no missing values. The names of the covariates
are dragged into another window. If some covariates have
missing values, SOLAS 3.2 can be directed to impute the miss-
ing values using a single imputation procedure such as hot
decking and then continue with the m imputation of the key
variables.

The specification of the computations is less flexible in

) NORM 2.03 since only one procedure is used—the EM/data

| augmentation approach. While it’s possible to use data aug-
mentation without the EM algorithm, it is recommended in
the help directory that EM be used first and that those starting
values be used by the data augmentation procedure. Various
input and calculation parameters are available for the two
main phases of the calculations. NORM 2.03 also provides a
flexible specification for saving and accessing files.

Calculations
Compuration time for SOLAS 3.2 is not particularly speedy

for large data sets. The data set used for this testing with 8,866

observations took several hours on a computer with 3.2 giga-
hertz processor speed. Smaller data sets with fewer missing
values fell into more reasonable time periods. When the calcu-
lations are complete, SOLAS 3.2 produces a datasheet with as
many worksheets as the number of imputations requested.
Each of these data pages contains the observed data in black
font, those non-monotone estimated data in blue, and the
monotone estimated data in red. Each data page can be saved
in SOLAS 3.2 format or in any format from which data can be
imported (e.g., SPSS or SAS).

The analyst can then perform various analyses within
SOLAS 3.2 or export the data sets to other applications. The
statistical analysis within SOLAS 3.2 produces a report page
for each of the m imputed datasets as well as a combined mea-
sure, using a “rolling up” procedure. Conducting the statisti-
cal analyses over the m imputed data sets reflects the added
uncertainty due to the data being missing originally.

If the desired analysis of the project extends past the statis-
tical procedures available within SOLAS 3.2, the analysis
should be conducted on each of the m data sets with the find-
ings combined using procedures developed by Rubin (1987).
In commercial studies, some clients will balk at the extra time
and expense and, perhaps, not understand the benefits.

Tt’s possible in NORM 2.03 to use the EM algorithm to cre-
ate one exploratory data set from the m imputed sets. While
this ignores one of the benefits of m imputation, this shortcut
might be close to unavoidable in many commercial situations.

When the EM phase in NORM is complete, the parameter
estimates are saved in a file that is then typically used as the
inpur for the data augmentation stage of the analysis. The type
of priors, number of iterations, number of imputations and
saving of the results are set by clicking three buttons in the
data augmentation window. NORM 2.03 computations can
take several hours for large data sets.
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Exhibit 1 Observed vs. imputed values
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Categories: Base = 8,866 with 6,715 (76%) missing
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