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ABSTRACT
Multiple imputation (MI) has become a feasible method to replace missing data due to the rapid devel-
opment of computer technology over the past three decades. Nonetheless, a unique issue with MI hinges
on the fact that different software packages can give different results. Even when one begins with the
same random number seed, conflicting findings can be obtained from the same data under an identical
imputation model between SAS® and SPSS®. Consequently, as illustrated in this article, a predictor
variable can be claimed both significant and not significant depending on the software being used. Based
on the considerations of multiple imputation steps, including result pooling, default selection, and different
numbers of imputations, practical suggestions are provided to minimize the discrepancies in the results
obtained when using MI. Features of Stata® are briefly reviewed in the Discussion section to broaden the
comparison of MI computing across widely used software packages.

1. Introduction

Handling missing data has been an active field of statistical
research for more than three decades (see Rubin 1987). Among
the many methods that have been developed to deal with miss-
ing data (including data deletion, single imputation, and oth-
ers), multiple imputation (MI) has been recognized as the most
popular technique (Little and Rubin 2002; Stata 2015). With the
rapid expansion of computing power in recent years, MI pro-
cedures have been incorporated in many mainstream software
packages such as SPSS® and SAS® (Allison 2002). One issue
that is often overlooked is that theMI results may not be consis-
tent across different software packages. The focus of this study
is on an examination of the discrepancies in the results when
performing an MI with SAS® versus SPSS®.

SAS® and SPSS® have been widely used for statistical anal-
yses for over half a century. They have offered progressive
updates through different versions over the years, and are the
two “dominant players” at the top tier of the software market
(see Muenchen 2013, p. 20). MI computing is based on random
drawings of imputed data from a Bayesian posterior distribu-
tion (Rubin 1987; Zhang 2003). Although random seeds can be
generated using the Mersenne Twister Index for replication of
the MI results in each software package, the algorithm does not
guarantee consistent outcomes between SAS® and SPSS® even
when beginningwith the same seeds. The first author of this arti-
cle has communicated and confirmed the discrepancies in MI
findings with both SAS® and SPSS®. A member of the SPSS®
Development team noted the following:

After a thorough investigation by the SPSS® Development team on
your questions, it is clear that you are not in general going to be able

CONTACT Jianjun Wang jwang@csub.edu Department of Advanced Educational Studies, California State University, Bakersfield,  Stockdale Highway,
Bakersfield, CA .

tomatch up results fromStatistics and SAS® formultiple imputation.
Using the global SET MTINDEX [Mersenne Twister Index] com-
mand in Statistics does not pass the index or seed value specified
directly into the algorithm. (IBM SPSS Support PMR 00874,227,000
on 6/22/2017)

An SAS® consultant concurred, “Multiple imputation
involves random draws from posterior distributions which
would involve a random number generator. We have a pro-
prietary algorithm we use that would not result in the same
draws as another package” (SAS track number 7612110910 on
5/15/2017).

The purpose of the research described in this article is to
improve the consistency of MI computing results when using
SAS® or SPSS® by (1) verifying the result-pooling outcomes,
(2) comparing the default-setting impacts, and (3) examining
MI outputs under different numbers of imputations. This arti-
cle consists of six sections. The first section provides a review of
the literature on result pooling, default setting, and number of
imputations (M) needed for MI. Based on the literature review,
three interrelated research questions are developed in Section 3,
and Section 4 explains in detail themethodology used to address
the questions. The results are then summarized in Section 5, and
Section 6 is devoted to the result discussion. The article con-
cludes by offering recommendations to reduce the discrepancies
in the results for MI between SAS® and SPSS®.

2. Literature Review

MI is considered as one of the most attractive methods
for general-purpose handling of missing data in multivariate
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analysis (Allison 2000, p. 4). The MI procedures typically
include three steps:

1. Createmultiple complete datasets through imputation of
missing data from Bayesian distributions that are condi-
tional on the observed data;

2. Conduct statistical analyses on these imputed data to
generate multiple sets of results; and

3. Pool the multiple results together to account for uncer-
tainty from missing data imputations for valid proba-
bilistic inference.

The first step, drawing random samples from an imputation
model, is the most fundamental part of the MI (Zhang 2003,
p. 585), and differentMI findings between SAS® and SPSS®may
result from algorithm differences at this stage. In Rubin’s (1987)
original work on MI research, the observed-data posterior dis-
tribution ofQ is defined as the completed-data posteriorQ aver-
aged over the posterior predictive distributions, whereQ can be
a generic scalar estimate. In other words, when partitioning raw
data Y into observed (Yobs) and missing (Ymis) categories, the
observed-data posterior distribution of Q can be written as

P(Q|Yobs) =
∫

P(Q|Yobs,Ymis) P(Ymis|Yobs)dYmis.

Therefore, although random seeds can be generated from the
Mersenne Twister Index for replication of the MI results in each
software package, the algorithm setting does not guarantee con-
sistent outcomes between SAS® and SPSS® even with the same
random seeds at the beginning of the process.

Another potential difference in MI computing outcomes
comes from result aggregation. Rubin’s approach (1987) was to
combine the multiple complete-data inferences for final report-
ing, but the rationale was based on a t distribution from a
Bayesian paradigm assuming that the complete-data degrees of
freedom (df) are infinite. Later, Barnard and Rubin (1999) pro-
posed an improvement to Rubin’s (1987) df approximations for
relatively small samples by taking

ṽm =
(

1
vm

+ 1
ṽobs

)−1

,

where ν̃m is the adjusted df, νm is Rubin’s (1987) original df, and
ν̂obs is the estimated observed-data df (see Barnard and Rubin
1999, p. 949).

SAS® Institute (2015) indicates that it is using Barnard and
Rubin’s (1999) adjustment in MI computing. In contrast, an
online IBM technical note (IBM, no date) suggests a different
approach in SPSS®,

IBM SPSS® Statistics currently does not offer Barnard and Rubin’s
(1999) adjustment to its computation of degrees of freedom with
multiple imputation data. Their currently used methods are based
on:

Li, K.H., Raghunathan, T. E., andRubin,D. B. (1991), “Large-Sample
Significance Levels from Multiply Imputed Data Using Moment-
Based Statistics and an F Reference Distribution,” Journal of the
American Statistical Association, 86, 1065–1073.

An enhancement request has been filed with SPSS
Development. (p. 1)

Because no date was indicated in that technical note,
it remains unclear whether Barnard and Rubin’s (1999)

adjustment has been incorporated in the latest version of SPSS®
(i.e., Version 24).

Default settings in SAS® and SPSS® are another source of
variation inMI between the two software packages. For instance,
the default number of iterations is 20 in SAS® and 10 in SPSS®
for application of the fully conditional specification methods
(see SAS® Institute 2015, p. 5871 and IBM SPSS® Statistics 24
Command Syntax Reference, no date, p. 1187). In addition, the
default singularity criterion varies from 10−8 in SAS® (see SAS
Institute 2015, p. 5868) to 10−12 in SPSS® (IBM SPSS Statistics
24 Command Syntax Reference, no date, p. 1187). The differ-
ences in these default settings can also lead to discrepancies in
MI computing between the two software packages.

In summary, the literature review demonstrates the need
for examining the discrepancies in MI findings between SAS®
and SPSS®. Regardless of the field in which MI is going to
be performed, reproducibility is crucial for confirmation of
research findings. As Von Hippel (2016) noted, “Nonreplicable
results reduce scientific openness and transparency, and the
possibility of changing results by reimputing the data offers
researchers an opportunity to capitalize on chance by imputing
and reimputing the data until a desired result, such as p < 0.05,
is obtained” (p. 2).

In this study, the emphasis is on the MI result discrepan-
cies between different software packages. The discrepanciesmay
occur in the same data imputed even though identical random
seeds are being used. Because the MI algorithms have a pro-
prietary protection by SAS® and SPSS®, data analysts cannot
alter them. Therefore, patterns of the discrepancies in the results
should be examined using existing computing platforms to seek
potential improvement of the MI consistency for users of both
software packages.

3. Research Questions

Based on the literature review, this research addresses three
interrelated questions to improve MI results between SAS® and
SPSS®. First, the same imputed data are used in both computing
packages. Second, the defaults of iteration number and singu-
larity criterion are adopted from SAS® and SPSS® to examine
their impact on MI findings from five imputed datasets (i.e.,
M = 5). The discrepancy whenM = 5 merits closer inspection,
because often practitioners only conduct five imputations for
analysis (Zhou and Reiter 2010, p. 6). Third, variations in results
from different values of M are investigated to reduce the MI
discrepancies between SAS® and SPSS®. Specifically, this study
is designed to address the following three research questions:

1. Does the mechanism of result pooling vary between
SAS® and SPSS®?

2. WithM = 5, do results differ substantially under differ-
ent default settings on the iteration number and singular-
ity criterion between SAS® and SPSS®?

3. Can the differences in results between SAS® and SPSS®
be reduced by increasingM values for MI?

When using SPSS18®, Van Ginkel (2010) noted that SPSS®
did not incorporate Barnard and Rubin’s (1999) adjustment, and
consequently, the number of degrees of freedom may become
extremely large for the pooled result in multiple imputation (p.
1). Although “an enhancement request has been filed with SPSS
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Development” (IBM, no date, p. 1), a consultant from SPSS®
wrote:

There is no timeframe on enhancement requests unfortunately. …
We in Technical Support create them and file themwith SPSSDevel-
opment to let them know when there is something users want in the
product. It is up to Development to then decide to incorporate them
or not. (IBM SPSS Support Request PMR 64226,227,000, 4/14/2017)

Therefore, it is important to check the result agreement
between SAS® and SPSS®, and verify the completion of SPSS®
enhancement inQuestion 1.Question 2 is also linked to the soft-
ware default comparisons to justify the technical demand for
reporting the iteration number and singularity criterion settings
in MI findings. While SPSS® kept M = 5 as its default num-
ber for Version 24 (IBM 2016), SAS Institute (2015) announced
that “the default number of imputations in PROC MI has been
changed from NIMPUTE = 5 to NIMPUTE = 25 in SAS/STAT
14.1” (p. 5921). In this context, Question 3 provides an oppor-
tunity to reconfirm the impact of increasing the default number
of imputations from M = 5 to M = 25 or a larger number on
reducing discrepancies in MI computing.

4. Methods

The dataset employed in this study was publicly released by
the Institute for Digital Research and Education (2017) and has
been named “HSB_MAR” for its extraction from a High School
and Beyond (HSB) project. The data include variables READ,
WRITE,MATH, and SCIENCE to represent test scores from200
students. Figure 1 shows that the percentage of cases with miss-
ing data in these variables accounted for 26.5% of the student
sample based on the nonmonotone pattern of missing data.

The Institute for Digital Research and Education (2017)
advised caution on the variable(s) with a high proportion of
missing information as they will have the greatest impact on the
convergence of a specified imputation model. Figure 1 indicates
more missing responses in WRITE than in other variables. To
explore adequate iterations for convergence of results, WRITE
is chosen as the dependent variable to regress on the indepen-
dent variables of READ, MATH, and SCIENCE in comparison
of result pooling between SAS® and SPSS® (Question 1).

Figure . Number of missing scores in Reading (), Math (), Science (), andWrite
().

In supporting replication of results, SPSS® (2016) provided
the following instruction to its users: “If you want to replicate
your imputation results exactly, use the same initialization value
for the random number generator, the same data order, and the
same variable order, in addition to using the same procedure set-
tings” (p. 12). To address Question 1, an initial value of 12,345
was included in the first line of the following SPSS syntax for
result replication.

SET RNG=MTMTINDEX=12345.
get sas data=‘c:\HSB_MAR.sas7bdat’.
DATASET DECLARE q1.
MULTIPLE IMPUTATION READWRITE MATH
SCIENCE
/OUTFILE IMPUTATIONS=q1.

After bringing the active data ofHSB_MAR into SPSS in lines
2 and 3 of the above syntax, multiple imputation commands
were issued in lines 4 and 5. As a result, SPSS appends the orig-
inal data with the default of five imputed data points in a new
dataset named “q1.”

Data q1 is accessed through both SAS® and SPSS®. Since
SAS® already incorporated Barnard and Rubin’s (1999) adjust-
ment for result pooling, the results can reveal whether SPSS has
updated its pooling mechanism for MI computing. In executing
the data analysis, the following syntax is submitted to SPSS® for
result pooling:

DATASET ACTIVATE q1.
REGRESSION
/DEPENDENTWRITE
/METHOD=ENTER READMATH SCIENCE.

To analyze the imputed data in SAS®, three steps have been
taken to access q1, exclude the unimputed data, and pool the
results through PROC MIANALYSIS. At the first step, the syn-
tax below was designed to generate regression findings for the
imputed data.

proc import datafile=“c:\q1.sav” out=work.q1 replace;
proc reg data=q1;
model write=read math science;
by imputation_;
ods output ParameterEstimates=all;

A reserved variable name, _imputation_, is employed in
SAS® to match the corresponding name, imputation_, in SPSS®
for separating the different rounds of imputed data in q1.
Because SPSS® automatically includes the unimputed, original
data with a label of “imputation_=0,” the SAS® syntax incorpo-
rates “If _imputation_>0” to extract the imputed data:

data imputed;
set all;
_imputation_=imputation_;
If _imputation_>0;

The third step is represented by the PROC MIANALYSIS
syntax below to generate the pooled results for comparison with
the findings from SPSS®:

proc mianalyze parms=imputed;
modeleffects intercept read math science;

Because Barnard and Rubin’s (1999) adjustment is designed
to support analyses of small data, the described procedure is
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replicated on subsamples of the first 15, 30, 50, and 100 cases
of the HSB_MAR data to verify result agreement between SAS®
and SPSS®.

Question 2 can help determine whether imputation numbers
and singularity levels should be added to MI report require-
ments. While the Institute for Digital Research and Education
(2017) made a general recommendation to include which
statistical program in the imputation, it remains unclear what
default settings were used by SAS and SPSS to support MI
computing. MI “does not attempt to estimate each missing
value through simulated values but rather to represent a ran-
dom sample of the missing values” (Yuan 2005, p. 2). Therefore,
default specifications addressed inQuestion 2 play an important
role in MI computing because (1) iterations occurred during
random draws from a normal distribution for missing value
representation, and (2) the tolerance level of singularity was
set to support inversion of the covariance matrix for param-
eter estimation. To describe central tendency and variability
indices of the sampling distribution in the imputed data, means
and standard errors of variables READ, WRITE, MATH, and
SCIENCE are computed in SAS® and SPSS® under different
default iteration numbers and singularity levels as noted in the
Literature Review section. The syntax for MI computing in
SAS® and SPSS® default settings is provided in Appendix A.

Question 3 examines MI results with different numbers of
imputations (M) in SAS® and SPSS®, and investigates the possi-
bility of reducing MI result discrepancies between the two soft-
ware packages by increasing M values. Although MI seemed
desirable for amending missing information with imputed data,
more data inclusion did not always produce better results (Meng
and Xie 2014). Nonetheless, whenM is too small, onemay ques-
tion if the imputed data provide adequate representation for
the missing value variability. According to Rubin (1987), MI
results can be stabilized by increasing the number of imputa-
tions from the posterior distribution. The syntax for comparing
MI results with different M values in SAS® and SPSS® is pro-
vided in Appendix B.

In summary, the methodology described above explained
in detail how this study attempts to address three interrelated

questions regarding MI result gaps between SAS® and SPSS®.
The HSB_MAR data were downloaded from https://stats.idre.
ucla.edu/wp-content/uploads/2017/01/hsb_mar.sas7bdat. An
online search on June 15, 2017 showed a citation of the
HSB_MAR data at 32 sites, including projects conducted by
researchers from major universities (e.g., Gebregziabher 2017;
Li 2017). However, none of the studies compared MI result
consistency between SAS® and SPSS®.

5. Results

In Questions 1 and 3, the relationship between the dependent
variable WRITE and independent variables of READ, MATH,
and SCIENCE is expressed in the following linear equation:

WRITE = β0 + β1 (READ) + β2 (MATH) + β3 (Science) + ε

Question 1 compares pooling mechanisms between SAS®
and SPSS®, and both software packages were employed to access
the imputed data q1 and pool regression findings for compari-
son. In Question 3, SAS® and SPSS® were used for data impu-
tation and analysis, and imputed data were generated multiple
times under M = 5, 25, 50, 100, 500, and 1000 to demonstrate
patterns of the result gaps between these software packages.
Question 2 is delimited to examiningmeans and standard errors
of variables WRITE, READ, MATH, and SCIENCE under dif-
ferent singularity and iteration settings in SAS® and SPSS®.

Table 1 shows that t and p values match and there is no dif-
ference in the pooled β i values and standard errors between
SAS® and SPSS®, which confirms identical df configurations
between SAS® and SPSS® across subsets of the HSB_MAR data
from the first 15, 30, 50, and 100 observations, and no MI result
discrepancies between SAS® and SPSS® due to result pooling.
In other words, Barnard and Rubin’s (1999) adjustment has
been incorporated in both SAS® and SPSS® to yield identical
results in Table 1, and the mechanism of result pooling between
SAS/STAT 14.1® and SPSS 24® is same (Question 1).

Table 2 summarizes mean scores and standard errors across
variables READ,WRITE,MATH, and SCIENCE under two sets

Table . Reconfirmation of SAS® and SPSS® pooling results.

Estimate Standard error T p

N β i SAS SPSS SAS SPSS SAS SPSS SAS SPSS

 β . . . . . . <. .
β . . . . . . . .
β . . . . . . . .
β . . . . . . . .

 β . . . . . . . .
β . . . . . . . .
β . . . . . . . .
β . . . . . . <. .

 β . . . . . . . .
β . . . . . . . .
β . . . . . . . .
β . . . . . . <. .

 β . . . . . . . .
β  . . . . . . . .
β . . . . . . . .
β . . . . . . <. .

 β . . . . . . . .
β  − . − . . . − . − . . .
β . . . . . . . .
β . . . . . . . .

https://stats.idre.ucla.edu/wp-content/uploads/2017/01/hsb_mar.sas7bdat
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Table . Imputed results under different iteration and singularity defaults in SAS®
and SPSS®.
Variable Default Software Mean Standard error

READ  Iterations SAS . .
− Singularity SPSS . .
 Iterations SAS . .

− Singularity SPSS . .
WRITE  Iterations SAS . .

− Singularity SPSS . .
 Iterations SAS . .

− Singularity SPSS . .
MATH  Iterations SAS . .

− Singularity SPSS . .
 Iterations SAS . .

− Singularity SPSS . .
SCIENCE  Iterations SAS . .

− Singularity SPSS . .
 Iterations SAS . .

− Singularity SPSS . .

of default values in SAS® and SPSS®. As mentioned in the Liter-
ature Review section, the defaults of SAS® imputation were set
to have 20 iterations with a singularity criterion of 10−8. The cor-
responding defaults in SPSS® were 10 iterations with a smaller
value (10−12) for the singularity threshold.

Table 2 shows different means and standard errors in SAS®
and SPSS® due to the change of default settings. Although SAS
Institute (2015) cited Brand (1999) and Van Buuren (2007) and
recommended that “as few as five or 10 iterations are enough
to produce satisfactory results” (p. 5904), it kept 20 iterations
as the default. In this study, as shown in Table 2, the results
are different between SAS® and SPSS® when the defaults are
set at 10 iterations and 10−12 singularity, while there are no
differences between SAS and SPSS when the iteration number is
increased to 20 and the singularity threshold to 10−8. Therefore,
default settings are critical to MI, and MI result reporting
should include the imputation number and singularity threshold,

particularly when the number of iterations is under 10, to avoid
potential MI result gaps between SAS® and SPSS®. This issue
might have been overlooked in the past because few researchers
were expected to repeat the same data analysis using both SAS®
and SPSS®.

Table 3 demonstrates inconsistent MI results between SAS®
and SPSS® with the change of M values. According to Von
Hippel (2016), “an investigator reports from a sample of M
imputed datasets can differ substantially from the estimates that
would be obtained if the data were re-imputed and a different
sample of M imputed datasets were obtained” (p. 2). Results in
Table 3 demonstrated the pattern of inconsistency. For instance,
when M = 5, β3 was found significant from SAS® at α = 0.01.
But SPSS® generated p = 0.017 to claim a nonsignificant β3
under the same condition. As the M value increases to 25, the
p value difference is switched with a larger number from SAS®
(p = 0.0182) than from SPSS® (p = 0.017).

Fortunately, the MI theoretical framework was built on an
infinite number of imputations (see Rubin 1987). The good
asymptotic feature from increasing the number of imputations
was reconfirmed by the results in Table 3. For instance, the p
values seemed fairly stable when M � 25, regardless of which
software was employed for theMI computing. To reduce the dis-
crepancies in the results from different MI procedures between
software packages, a practical solution is to increase the M
value until a stable pattern has been observed. Because the MI
results are obtained from software applications, feasibility of this
approach is aligned with Little and Rubin’s (2002) position that
“The extra work in analyzing the [multiple] data, however, is
really quite modest in today’s computing environments” (p. 86).

6. Discussion

Although Table 1 shows no difference in the MI findings due to
the result pooling between SAS and SPSS, the MI method also

Table . Comparison of MI results between SAS and SPSS under differentM settings
∗
.

Estimate Standard error t p

M β i SAS SPSS SAS SPSS SAS SPSS SAS SPSS

 β . . . . . . <. .
β . . . . . . . .
β . . . . . . <. .
β . . . . . . . .

 β . . . . . . <. .
β . . . . . . . .
β . . . . . . . .
β . . . . . . . .

 β . . . . . . <. .
β . . . . . . . .
β . . . . . . . .
β . . . . . . <. .

 β . . . . . . <. .
β . . . . . . . .
β . . . . . . <. .
β . . . . . . . .

 β . . . . . . <. .
β . . . . . . . .
β . . . . . . <. .
β . . . . . . . .

 β . . . . . . <. .
β . . . . . . . .
β . . . . . . <. .
β . . . . . . . .

∗ Random seeds of  were used to produce the results with the defaults of iteration number=  and singularity threshold= −.



6 J. WANG AND D. E. JOHNSON

includes data imputation to replace missing values. Nguyen,
Carlin, and Lee (2017) pointed out, “The most challenging task
when using MI is the specification of the model for producing
the imputed values … In many cases, there is no consensus
in the literature to inform these modeling decisions” (p. 1–2).
When more variables are involved in the model setting and
a large portion of missing information exists in the dataset,
researchers may encounter a high risk of obtaining conflicting
MI results between software packages, particularly because M
is set too small.

For instance, Table 2 is essentially grounded on univariate
analyses because each row involves computing the mean and
standard error for one variable. Under this simple model, the
number of missing data points that need to be imputed across
the MI applications ranges from 9 for Read to 21 for Write
(see Figure 1). When the defaults of 10 iterations with a 10−12

singularity threshold are adopted, no difference is found in the
standard error (SE) value for Read but a slight difference is
identified in the results forWrite between SAS® (SE= 0.70) and
SPSS® (SE= 0.68) (see Table 2). Hence, moremissing data, even
under the simplistic univariate model, tend to increase the risk
of obtaining different MI findings between SAS® and SPSS®.

Because the defaults of iteration number = 20 and singular-
ity threshold = 10−8 generated identical mean and SE results
between SPSS® and SAS® in Table 2, Table 3 is built on the
more conservative computing setting to avoid exaggerating the
different MI outcomes. Figure 1 shows that the four variables
in Table 3 contain a total of 55 missing scores that need to be
imputed across Read, Write, Math, and Science. In comparison,
results in Table 3 are derived from a regression model that are
more complicated than the univariate findings in Table 2. Con-
sequently, no results in Table 3 are identical between SAS® and
SPSS® when the regression model increases its variable inclu-
sion and demands more missing data imputation. As indicated
inMultiple Imputation in SPSS (2017), “Toomany variables may
produce worse estimates” (p. 14).

Although Tables 1–3 contain result comparisons between
SAS® and SPSS®, it would be remiss to completely ignore
another popular software, Stata, in the discussion section. As
Acock (2005) noted, “Three software packages have emerged as
the dominant tools for datamanagement and standard statistical
analysis. These are SAS, Stata, and SPSS” (p. 1093). Both SPSS®
and SAS® were first released in the 1960s and 1970s, respec-
tively. Therefore, their syntax settings were initially designed for
the batch processing in mainframe settings. In contrast, Stata®
was founded in 1985 when the personal computer was grow-
ing in use. Because general reviews of these software packages
have been provided by others (e.g., Acock 2005; Albright and
Marinova 2010), the following discussion is focused on special
program features pertaining to MI computing.

The current version of SPSS® supports a menu-based
interface in its Windows version that provides comprehensive
coverage of most computing tasks, including the MI application
illustrated in Appendices A and B. SAS®, on the other hand,
offers many options through PROC MI and PROC MIANAL-
YSIS for data imputation and result pooling. Although Stata®
(2017) does not have a separate missing value analysis module,
its suite ofmi impute commands for multiple imputation is very
extensive. Like SPSS®, Stata® (2017) sets the default number of

iterations as 10 for application of the fully conditional specifica-
tionmethods. The default singularity criterion in Stata® is 10−13,
less conservative than the ones for SAS® or SPSS®. Nonetheless,
Stata® (2017) cautioned its users that “you are responsible for
determining that sufficient iterations are performed” (p. 142).

Regarding choices on the total number of imputed data,
Stata® questions the past practice of having M = 5. Instead,
the Stata® softwaremanual indicates that “we recommend using
at least 20 imputations to reduce the sampling error due to
imputations” (Stata 2017, p. 5). Despite the general agreement
of increasing M for MI computing, Stata® (2017) has difficulty
processing substantially large datasets due to its requirement
of loading the entire dataset into computing memory. In this
study, the data are extracted from the national HSB project, and
the memory limitation makes it impossible to complete the MI
result aggregation across 1000-imputed data in Table 3. Hence,
the exclusion of Stata® from our study is not only based on the
delimitation of this research between SAS® and SPSS®, but is
also based on the memory capacity limit in Stata® that cannot
be altered by its users. Nonetheless, the Stata® consideration is
worth noting because software packages are considered moving
targets. The MI computing capacity that is not currently avail-
able in Stata® should be expanded in the future.

7. Conclusion

In this study, inconsistency issues have been found inMI results
between SAS® and SPSS®. Although the entire MI comput-
ing involved data imputation, analyses of multiple datasets, and
result pooling, answers to Question 1 have eliminated themech-
anism of result pooling as a plausible cause behind theMI result
gaps (see Table 1). Both SAS® and SPSS® have been available
for around half a century and have offered similar services to
the statistical community longer than any other software pack-
ages. The history of their applications has made them com-
plementary tools for many data analysts (Kromme 2017). This
research revealed no discrepancies in results between these soft-
ware packages at the pooling stage of MI computing stage of MI
computing.

Question 2 investigated the impact of default settings
between SAS® and SPSS®. Based on the findings for Question
2, a suggestion that can be taken away by the readers is to set
the maximum iteration number no less than 20 and the singular-
ity threshold no lower than 10−8. The modification of software
defaults should be reported in the description of theMImethod
to facilitate the replication of the results.

Although random seeds can be employed to replicate MI
results in either SAS® or SPSS®, conflicting findings can still be
derived from the samedata under an identical imputationmodel
between these software packages (Question 3). Since the algo-
rithm setting is protected as a proprietary asset for each com-
pany, users are not allowed to “crack the secret codes” that made
the MI random drawings in a software-specific way. To reduce
MI gaps in the results in Question 3, another “take home” mes-
sage from this investigation is to make an adequate number of
data imputations to demonstrate the asymptotic agreement in
MI results, as projected by the original theory formultiple impu-
tation (see Rubin 1987).
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In conclusion, MI has become a feasible method to deal
with missing data due to rapid development of computer
technology, and researchers have taken advantage of the com-
puting platforms in SAS®, SPSS®, and other software packages.
Based on the findings of MI result discrepancies between
SAS® and SPSS®, we recommend (a) constant communication
between the researchers and software companies regarding
technical updates and (b) documentation and dissemination
of the latest software upgrades to promote consistency and
replicability of MI findings. As illustrated in this study, when
conflicting results were found between SAS® and SPSS® on
the significance of β3 at α = 0.01 under M = 5 (Table 3), it
was the confirmation of SPSS® enhancement on result pooling
in Question 1 that eliminated a potential cause of the gap in
the results and substantiated the need for investigating the
impact of software defaults and algorithm settings in Questions
2 and 3.
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Appendix A: Syntax for ComputingMeans and Standard Errors under SAS and SPSS Defaults

1. SPSS Syntax

SET RNG=MTMTINDEX=12345.
get sas data=‘c:\HSB_MAR.sas7bdat’.
title “SPSS Default Compliance”.
DATASET DECLARE i1.
MULTIPLE IMPUTATION READWRITE MATH SCIENCE

/IMPUTE METHOD=FCS MAXITER=10 NIMPUTATIONS=5
SCALEMODEL=LINEAR INTERACTIONS=NONE SINGULAR=1E-012
MAXPCTMISSING=NONE

/MISSINGSUMMARIES NONE
/IMPUTATIONSUMMARIES MODELS
/OUTFILE IMPUTATIONS=i1.

DATASET ACTIVATE i1.
MEANS TABLES=READWRITE MATH SCIENCE

/CELLS=MEAN COUNT SEMEAN.
get sas data=‘c:\HSB_MAR.sas7bdat’.
title “SAS Default Compliance”.
DATASET DECLARE i0.
MULTIPLE IMPUTATION READWRITE MATH SCIENCE

/IMPUTE METHOD=FCS MAXITER=20 NIMPUTATIONS=5
SCALEMODEL=LINEAR INTERACTIONS=NONE SINGULAR=1E-008
MAXPCTMISSING=NONE

/MISSINGSUMMARIES NONE
/IMPUTATIONSUMMARIES MODELS
/OUTFILE IMPUTATIONS=i0.

DATASET ACTIVATE i0.
MEANS TABLES=READWRITE MATH SCIENCE

/CELLS=MEAN COUNT SEMEAN.
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Appendix B: Syntax for Examining the Increase of M onMI Analysis Results in SAS and SPSS

1. SPSS Syntax

get sas data=‘c:\hsb_mar.sas7bdat’.
SET RNG=MTMTINDEX=12345.
DATASET DECLARE i0.
MULTIPLE IMPUTATION READWRITE MATH SCIENCE
/IMPUTE MAXITER=20 NIMPUTATIONS=5∗ SINGULAR=1E-008
/OUTFILE IMPUTATIONS=i0.

DATASET ACTIVATE i0.
REGRESSION
/STATISTICS COEFF OUTS R ANOVA
/DEPENDENTWRITE
/METHOD=ENTER READMATH SCIENCE.

2. SAS Syntax

libname stat “e:\imputation”;

proc mi data=stat.hsb_mar nimpute=5∗ out=mi_mvn seed=12345;
var read write math science;
fcs regression (read write math science);
run;

proc reg data=mi_mvn;
model write=read math science;
by _imputation_;
ods output ParameterEstimates=a_mvn;
run;

proc mianalyze parms=a_mvn;
modeleffects intercept read math science;
run;

∗ 5 can be replaced by 25, 50, 100, 500, and 1000 to replicate the results in Table 3.
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