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Abstract

Because ignoring the missing data in an evaluation may lead to results that are questionable, this
study investigated the effects of use of four missing data handling techniques on a survey
instrﬁment. A questionnaire containing 35 five-point Likert style questions was completed by 384
respondents. Of these, 166 (43%) questionnaires contained one or more missing responses. The
missing data pattern was non-ignorable. Listwise deletion, pairwise deletion, regression, and the
expectation maximization algorithm were used to treat the missing data. Resulting data was then
submitted to factor analysis and factor scores obtained. Factor scores for each group defined by
missing data method were then contrasted by multivariate analysis of variance. Less than 1% of
the variance in scores could be explained by group(F=.218, df=30, 3496, Vp=1 .0). What if analyses

were conducted by reducing the number of complete responses.
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When conducting survey research, often the data analyzed contains missing values. If the
cause of the missing values is known, the solution to this problem may be incorporated in the
study. Seemingly unavoidably, however, survey subjects fail to answer some questions for
unknown reasons. Ignoring this problem may threaten the quality of the study and data analysis.

In addition, several researchers have shown that different methods of handling missing
values may produce different results. Witta and Kaiser (1991) reported that the regression
coefficients and total variance accounted for by the variables changed depending on the method
used to handle missing values. After re-analyzing three studies of private/public school
achievement, Ward and Clark IIT (1991) concluded that the method used to handle missing data
influenced the outcome of these studies. Mundfrom and Whitcomb (1998) found differences in
correct classification of subjects based upon the missing data handling procedure used.

Statement of the Problem

The purpose of the current study was to examine the influence of missing data methods on
factors created from a survey of high school student participants in an educational interactive
video system. The missing data methods studied were listwise deletion, pairwise deletion,
regression and expectation maximization. The sample consisted of 384 respondents. Of these, 166
(43%) of the surveys contained one or more missing values.

Until recently, the only methods available with popular statistical computer software
focused on handling the missing data problem by deleting subjects with incomplete information,
deleting the variables with missing values, or replacing the missing value with some reasonable
estimate. Now, however, new subroutines are available to provide more assistance in handling

missing data and providing analysis choices using iterative regression or expectation maximization



Factor Score by Missing Data Treatment 4

(EM) procedures. These relative new methods (in current software) also provide the possibility of
specifying the model to be used (i.e., multivariate normality, adding a randomly selected error).
Review of Literature

Listwise Deletion

Listwise deletion is probably the most frequently used method of handling missing data.
This is usually the default option in statistical software programs. This method discards cases with
a missing value on any variable and thus is very wasteful of data. Listwise deletion, however, has
been shown to be effective with low average intercorrelation, less than four variables and a small
proportion of missing values (Chan, et.al., 1976; Haitovsky, 1968; Timm, 1970). The assumption
of missing completely at random is crucial to the use of this method. It is more erly, however, to
find the complete sample different in important ways from the incomplete sample (Little & Rubin,
1987). Problems for a researcher using this method include a reduction in power, an increase in
standard error, and the elimination of sub-populations.

Pairwise Deletion

When using pairwise deletion, covariances are computed between all pairs of variables
having both observations, eliminating those that have a missing value for one of the two variables
(Glasser, 1964). Means and variances are computed on all available observations. It is assumed
that the use of the maximum number of pairs and all the individual observations yield more valid
estimates of the relationship i)etween the variables. This method is sometimes referred to as a
“complete data” method. It is also assumed that when two variables are correlated, information on
one improves the estimates of the other variable. An additional assumption is that the pairs are a

random subset of the sample pairs. If these assumptions are trué, pairwise deletion produces
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unbiased estimates of the variable means and variances (Hertel, 1976). When missing data are not
missing completely at random, however, the correlation matrix produced by pairwise deletion may
not be Gramian (Norusis, 1988). When Marsh (1998) investigated the estimates produced by
pairwise deletion for randomly missing data, heconcluded parameter variability was explained,
parameter estimates were unbiased, and only one covariance matrix was nonpositive definite.
Regression

The regression methods of handling missing data rely on information contained in non-
missing values of other variables to provide estimates of missing values. As the correlation
between variables and the number of variables increases, the regression methods, theoretically,
perform better. Too many variables, however, can cause problems with over prediction (Kaiser &
Tracy, 1988) and too high an average intercorrelation can result in a singular matrix. In these
cases, regression does not perform well.

Variations in the regression methods include differences in methods of developing the
initial correlation matrix (listwise deletion, pairwise deletion, and mean substitution) and the
presence or absence of iteration procedures. Differences in regression methods also include the
use of randomly selected residuals for iterations and assumptions of a normal distribution.
Mundfrom and Whitcomb (1998) investigated the effects of using mean substitution, hot-deck
imputation, and regression imputation on classification of cardiac patients. Mean substitution and
hot-deck imputation correctly classified patients more frequently than regression imputation.
Expectation Maximization

Dempster, Laird, and Rubin (1977) recommended the use of the EM algorithm which

imputes estimates simultaneously in an iterative procedure. The E step of this algorithm finds the
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conditional expectation of the missing values. The M step performs maximum likelihood
estimation as if there were no missing data. The primary difference between this procedure and
the regression procedure is that the values for the missing data are not imputed and then iterated.
The missing values are functions based on the conditional expectation (Little & Rubin, 1987).
This method of handling missing data represents a fundamental shift in the way of thinking about
missing data (Schafer & Olsen, 1998).

Pattern of Missing Values

All of the missing data handling procedures discussed require data missing at random
(MAR) or missing completely at random (MCAR). Missing completely at random as described by
Little and Rubin (1987) means that the probability of missingness is independent of that variable’s
value and the value of any other variable in the data set. Missing at random as described by Little
and Rubin (1987) means that the probability of missingness may depend on another variable, but
not on the value of the variable itself. Yet Cohen and Cohen (1983) suggested that in survey
research the absence of data on one variable may be related to another variable and may be due to
the value of the variable itself. When investigating simultaneously missing values, Witta (1996/97)
found concurrently missing values (p<.001) in three of four samples using data from a national
database and Witta (2000a) found concurrently missing values (p<.001) in all four samples using
data from a national database. Little’s test of missing completely at random is now included with
the missing data subroutine of SPSS. Unfortunately, because missing at random requires
knowledge of the true value of the missing data, “there is no magic test for MAR” (Hill, 1997, p.
43). Schafer and Olsen (1998), however, argue convincingly that “every missing-data method

must make some largely untestable statistical assumptions about the manner in which the missing
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values were lost” (p551). Consequently, -when analyzing real data, researchers typically assume
missing at random.

Method
Subjects

All high school students enrolled in an interactive video class at this facility during the
Spring semester, 1998, were surveyed. Questionnaires containing 35 five-point Likert style
questions, some demographic questions, and some open-ened questions were administered during
the regularly scheduled class time by the class instructor or remote facilitator. This analysis used
only the 35 Likert type questions.

Of the 384 returned surveys, respondents represented 19 classes and 24 high schools.
Fifty-four percent of the sample were female and 59% were from the home site. One hundred
sixty-six (43%) questionnaires contained one or more missing responses. Regression and the
expectation maximization algorithm were used to treat the missing data using the missing data
subroutine 7.5 in SPSS 10.0. The resultant data for each procedure was saved in a new file. In
éddition, the pattern of missing data, and Little’s test of missing completely at random was
recorded. The original data was replicated to create a data file for pairwise deletion analysis.

Each of the four data sets was then submitted to principal components analysis in SPSS
10.0. The factor scores produced by varimax rotation were saved with the data set. Finally, the
four data sets were merged and factor scores for each group defined by missing data method were
contrasted by multivariate analysis of variance.

Results

When data were examined in the missing data procedure in SPSS, the test of missing
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completely at random was statistically significant (}* = 3292.352, df = 2910, p <.001). To
examine the pattern of missing values, inciividual categories were created for any variable having
4 or cases with missing values. All other variables containing a missing value, but having less than
4 (<1%) cases with a missing value were categorized as “Other”. Over half of the incomplete
cases were classified as “Other” or produced by missing values on an assortment of variables as is
depicted in Figure 1. Thus, visual examination of the pattern of missing values did not reveal any

obvious patterns of missing values.

Insert Figure 1 About Here

After treatment by a missing data method, the resultant data sets from the EM algorithm
and and regression were analyzed using principal components analysis (PCA) with varimax
rotation. The pairwise and listwise deletion data sets were analyzed in the same procedure using
the pairwise and listwise missing setting in PCA. Using eigenvalues of 1 or larger, all data sets
produced 10 factors. Although there were differences in the order in which factors were listed
and, consequently, the variance explained by each, the factors produced were essentially the same.

In addition, the factor loadings were very similar as is depicted in Table 1.

- Insert Table 1 About Here

The mean vector of factor scores produced by each missing data handling treatment were

then contrasted by multivariate analysis in SPSS 10.0. Less than 1% of the variance in the mean
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vector of factor scores could be explained by group (F=.218, df=30, 3496, p=1.0).

To provide an estimate of what if 50% of the cases contained missing values, 166
complete cases were randomly sampled from the 218 complete cases and merged with the 166
incomplete cases providing a data set of 332 cases. The previous procedure (treatment by missing
data method, principal components analysis, variméx rotation, and creation of factor scores) was
repeated. When tested for missing completely at random Little's MCAR test (3> =3303.005, df =
2994, p <.001) again yielded statistically significant results. As anticipated the cases were not
missing completely at random. When the factor mean vectors were contrasted, less than 1% of the
variance in scores was explained by missing data treatment group (F=.236, df 30, 2945, p=1.0).

For the final what-if analysis, 100 complete cases were randomly sampled from the 218
complete cases and merged with the 166 incomplete cases providing a data set of 266 cases.
Missing data treatments were again applied and factor scores saved. Little’s MCAR test()’ =
3176.278, df = 2994, p = .010 ) was once more statistically significant. In this instance, however,
only 9 factors emerged from the data. Again less than 1% of the variance in the mean vector of
factor scores could be explained by missing data treatment group (F=.26, df=27, 2103, p=1.0).

Discussion and Conclusion

In all cases used in this study there were no statistically significant differences in factor
score mean vectors produced by the missing value treatments even though the pattern of missing
values was not missing completely at random. In addition, the differences by missing value
treatment group explained less than 1% of the variance in mean vectors. Based on these results,
the choice of missing value treatment can be based upon consequences of loss of power by loss of

cases or other data handling considerations.

10
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There was, however, a difference in the pattern of missing values in this study and those
observed in other studies. In a study of missing values using a sample from the NELS 88
(National Educational Longitudinal Study of 1988), Witta (2000b) detected differences in missing
data handling treatments. The pattern of missing values in that study was also not missing |
completely at random. The observed pattern, however, differed from the current study. In Witta’s
(2000b) study, the category “Other” was less than 35% of the incomplete cases under all
conditions. A few variables, specifically standardized test score, accounted for the remaining 65%
of the cases. In the current study, the category “Other” represented more than 50% of the
incomplete cases. This category consisted of variables with less than 1% of the values missing. It
appears, therefore, that the effectiveness of the missing value methods are seriously affected by
the pattern of missing values. Because there is no test for ‘Missing at Random’, an assumption is
made that this condition is satisfied when testing effectiveness of missing data method. In the
current study, this assumption appears to be satisfied. In Witta’s (2000b) study, that assumption
appeared to be violated. As a result, it is strongly recommenced that all studies first investigate the
pattém of missing values. It is further suggested that future research investigate the patterns of
missing values in an attempt to determine when it would be acceptable to assume ‘Missing at

Random’.

11



Factor Score by Missing Data Treatment 11

References

Chan, L.S., Gilman, J.A., & Dunn, O.J. (1976). Alternative approaches to missing values
in discriminant analysis. Journal of the American Statistical Association, 71, 842-844.

Dempster, A.P., Laird, N.W., & Rubin, D.B. (1977). Maximum likelihood from
incomplete data via the EM algorithm. Journal of the Royal Statistical Society, B, 39, 1-38.

Glasser, M. (1964). Linear regression analysis with missing observations among the
independent variables. Journal of the American Statistical Association, 59, 834-844.

Haitovsky, Y. (1968). Missing data in regression analysis. Journalof the Royal Statistical
Society, B, 30, 67—82.

Hill, M.A. (1997). SPSS Missing Value Analysis 7.5 [Computer program manual]. |
Chicago: SPSS Inc.

Kaiser, J. & Tracy, D.B. (1988). Estimation of missing values by predicted score.
Proceedings of the Section on Survey Research, American Statistical Association 1988. 631-635.

- Little, R.J.A., & Rubin, D.R. (1987). Statistical Analysis with Missing Data. New York:
John Wiley & Sons.

Marsh, H.W. (1998). Pairwise deletion for missing data in structural equation models:
Nonpositive definite parameter estimates, goodness of fit, and adjusted sample sizes. Structural
Equation Modeling, 5 (1), p 22-36.

Mundfrom, D.J. & Whitcomb, A. (1998). Imputing missing values: The effect on the
accuracy of classification. Paper presented at the annual meeting of the American Educational

Research Association, San Diego. ED419817.



Factor Score by Missing Data Treatment 12

Norusis, M.J. (1988). SPSS-X Introductory Statistics Guide: Release 3 [Computer
program manual]. (pp 107-108). Chicago: SPSS Inc.

Schafer, J.L. & Olsen, M.K. (1998). Multiple imputation for multivariafe missing-data
problems: A data analyst’s perspective. Multivariate Behavior Research, 33 (4), p 545-571.

Timm, N.H. (1970). The estimation of variance-covariance and correlation matrices from
incomplete data. Psychometrika, 35, 417-4317.

Ward, Jr., T.J. & Clark oI, H.T. (1 991). A reexamination of public-versus private-school
achievement: the case for missing data. Journal of Educational Research, 84, 153-163.

Witta, E.L. (2000a). Are values missing randomly in survey research? /Educational
Research Quarterly, 23 (3), pp 44-56.

Witta, E. L. (2000b). Four methods of handling missing data in predicting educational
achievement (ERIC Document Reproduction Service, ED to be assigned - Tracking number
TM031627).

Witta, E.L. (1996/97). Randomness of missing values in survey data. Louisiana Education
Research Journal, XX1I (2), p 73-86.

Witta L. & Kaiser, J. (1991, November). Four methods of handling missing data with
GSS-84. Paper presented at the meeting of the Mid-South Educational Research Association,

Lexington, KY

13



000" = q01d ‘0T6Z = JP ‘TSET6LE = X 11591 YVOIN S21I'T

(z1) @3oway yeays Jaisey
(6) swioy yeay9 Jaisex

(2) swoHjway jeay) Jaisey
9WOH jeay) Jaise] @ paAIasqQ

—(16) 18Y30

(v) Buneayo pantesqo e —
:.r_uaﬁc_m:_ﬁo._oy////////////;_

(6) poo9 ALl sjuaied
() ape1o 30945 suonewi
(¥) ALl @b9jjoD axel

(v) aIN sieay Jaydea)

(g) Mo pauinay
(S) 1Au3 woous|)

sjuspnis jooyos ybiH
sanjeA Buissi| Jo uiajjed




0T ~- 9T

‘paue|q 91em 0’0 uey) ssa| sbuipeo] BN

g

£v'0 1519)
9’0 [A4Y 90 80 ¥O
650 90 90 S9°0 610 0s0 960 L850 950 80
$8°0 18°0 ¢80 €80 020 0.0 9.0 LLO LL0 60
ol ol ol ol Jojoe L 6 6 6 Jojoe4
ev0 0eD
eL0 ¥9°0 190 ¥9°0 [449)] 990 0.0 120 120 1ED
€90 £€L0 SL0 GL0 [439) ¢L0 8.0 80 8.0 JX49)

8 8 8 8 Jojoe 6 L L L Jojpe4
10 - 9.0 S.°0 S.°0 14%9) 860 86°0 660 660 LD
180 G8°0 G680 980 Ged 860 160 660 660 0l0

9 9 9 9 Jopoe 14 S S S Jojoed
290 g0 960 12°2Y) 9] o0 0s0 0eD

190 090 190 149] 8.0 2.0 2.0 €20 €10
290 690 690 : 90 €0 ¥Ll0 8.0 080 6.0 120
690 0.0 690 690 [49) 180 €80 £8°0 ¢80 Zed
G L4 4 4 iopeq € € € € Jojoe
90
090 8590 960 960 €eD : S¥0 Sv'0 G0
2s0 290 €90 €90 GLO 6¥'0 8v'0 620
€40 eL0 €40 €L0 1419) 990 890 0.0 890 €20
'8L0 S.°0 8.0 S.°0 o 9.0 S.°0 GL0 S.0 1£49]
LL0 8.0 S.°0 S.°0 910 8L0 S.°0 S0 9.0 8¢0
8.0 8.0 610 LL0 8L0D €8°0 9.0 9.0 LL0 G2o
¢80 280 ¢80 ¢80 LD 180 080 080 080 920
[4 } I [4 Jojoe } [4 [4 } Jojoe
uoieisg Co_mwm.hmwm WAYLIoby uolisieg uonpsany uolieieg Co_mwm.hmwm WAUobY uoljsieg uolisend
asmIs W3 asimied asis N3 osimiled

JUSWIEal] ejeq DUSSIjy Ag SbUIpeo ] jojoey

| Slqel
O

°
(-

Aruitoxt provided by Eic:



| . " TM032115

ERIC

U.S. Department of Education
Office of Educational Research and Improvement (OERI)
National Library of Education (NLE)
Educational Resources Information Center (ERIC)

REPRODUCTION RELEASE

(Specific Document)

. DOCUMENT IDENTIFICATION:
Title: QOS&\?\Q(%@&\ o> B QS&L««‘Y@L\\@\, edrasys i
Q%kwxu&\cﬁ\ VV‘U&(‘&@A" Sean S

Author(s): E \ oo \{3\\\'\0\

Cormporate Source:_

Publication Date:

N oo ZpeD

I S AT T A P
. REPRODUCTION RELEASE:

In order to disseminate as widely as possibie timely and significant materials of interest to the educational community, documents announced
in the monthly abstract journal of the ERIC system, Resources in Education (RIE), are usually made available to users in microfiche, reproduced
paper copy, and electronic media, and sold through the ERIC Document Reproduction Service (EDRS). Credit is given to the source of each
document, and, if reproduction release is granted, one of the following notices is affixed to the document.

If permission is granted to reproduce and disseminate the identiﬁed,documeht, please CHECK ONE of the following three options and sign
at the bottom of the page.

The sample sticker shown below will be
affixed to alt Leve! 1 documents

The sample sticker shown betow will be
affixed to all Level 2A documents

The sample sticker shown below will be
affixed to all Level 2B documents

PERMISSION TO REPRODUCE AND
DISSEMINATE THIS MATERIAL HAS
BEEN GRANTED BY

TO THE EDUCATIONAL RESOURCES
INFORMATION CENTER (ERIC)

PERMISSION TO REPRODUCE AND
DISSEMINATE THIS MATERIAL IN
MICROFICHE, AND IN ELECTRONIC MEDIA
FOR ERIC COLLECTION SUBSCRIBERS ONLY,
HAS BEEN GRANTED BY

TO THE EDUCATIONAL RESOURCES

PERMISSION TO REPRODUCE AND
DISSEMINATE THIS MATERIAL IN
MICROFICHE ONLY HAS BEEN GRANTED BY

TO THE EDUCATIONAL RESOURCES

Level 1

1 .

D/

Check here for Level 1 release. permitting

Check here for Level 2A release. permitting reproduction

INFORMATION CENTER (ERIC) INFORMATION CENTER (ERIC)
2A 2B
Level 2A Level 2B
1 1

Check here for Level 2B release, permitting

and dissemination in microfiche and in electronic media reproduction and dissemination in microfiche only

reproduction and dissemination in microfiche or other
for ERIC archival collection subscribers only

ERIC archival media {e.g., electronic) and paper copy.

Documents will be processed as indicated provided reproduction quality permits.
If permission to reproduce is granted, but no box is checked. documents will be processed at Level 1.

I hereby grant to the Educational Resources Information Center (ERIC) nonexclusive permission to reproduce and disseminate this
document as indicated above. Reproduction from the ERIC microfiche or electronic media by persons other than ERIC employees and
its system contractors requires permission from the copyright holder. Exception is made for non-profit reproduction by libraries and
other service agencies to satisfy information needs of educators in response to discrete inquiries.

S- Signature: 4
ool € e, WS
El{[‘ic*'se Organ»zatlon/Address:“\a\w3\‘\‘/\ %\ QQM\(\\Q V\j} .

Aruitoxt provided by Eic:

Printed Name/Position/Title:

. Lo YOt Beoerde ON
) -%333900 " Al -RyA -5l




. 1 “"1:\':\ - . g Date: ](}/,Q/)//@

Q&v\.

ll. DOCUMENT AVAILABILITY INFORMATION (FROM NON-ERIC SOURCE):

If permission to reproduce is not granted to ERIC, or, if you wish ERIC to cite the availability of the document from another source, please
provide the following information regarding the availability of the document. (ERIC will not announce a document unless it is publicly available,
and a dependable source can be specified. Contributors should also be aware that ERIC selection criteria are significantly more stringent for

documents that cannot be made available through EDRS.)

Publisher/Distributor:

Address:

Price:

IV. REFERRAL OF ERIC TO COPYRIGHT/REPRODUCTION RIGHTS HOLDER:

If the right to grant this reproduction release is held by someone other than the addressee, please provide the appropriate name and address:

Name:

Address:

V. WHERE TO SEND THIS FORM:

Send this form to the following ERIC Clearinghouse:

However, if solicited by the ERIC Facility, or if making an unsolicited contribution to ERIC, retum this form (and the document being contributed)
to:

ERIC Processing and Reference Facility
4483-A Forbes Boulevard
Lanham, Maryland 20706

Telephone: 301-552-4200
Toll Free: 800-799-3742
FAX: 301-552-4700
e-mail: ericfac@inet.ed.gov
Q WWW: http://ericfac.piccard.csc.com
ERICoss (Rev. 212000)

IToxt Provided by ERI



