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M ssing Data and Institutional Research

Robert G. Croninger, Karen M. Douglas?!

M ssing data are an unwanted reality in nost forns of social science
research, including institutional research. Like troublesome “guests” at a
fam |y gathering, missing data are a nui sance; they inpose thensel ves on
research desi gns and undern ne the met hodol ogi cal assunptions of an analysis
plan. The primary problenms associated with nmissing data are the threats that
they pose to a study’'s internal validity (primarily issues of statistica
power) and external validity (being able to generalize results to a target
popul ation). Even when investigators enploy appropriate strategies for
coping with mssing data, different approaches may |lead to substantially
di fferent concl usions (Cohen, Cohen, Wst, and A ken, 2003).

In this chapter we focus on one type of mssing data — item non-
response. Item non-response, as opposed to participant or unit non-response,
occurs when only partial data are available for survey participants or
subj ects. Itemnon-response can occur for a nultitude of reasons. M stakes
can be nade in coding or data entry, respondents nay fail or be unable to
answer a set of survey itens, or the study design may purposefully call for
respondents to skip a section of itens or answer different samples of itens
froma broader battery of survey questions. Regardless of how m ssing data
occur, investigators nust select one or nore strategies for coping with
nm ssing data and consi der how the use of these strategies may affect their

results.



W di scuss various types of mssing data and describe a range of
strategies that investigators can use to address them Next we present a
hypot hetical institutional dataset with known forms of mssing data, discuss
ways of exploring and identifying types of m ssing data, and exam ne how
different strategies for coping with mssing data influence the estimation of
paraneters (such as neans, coefficients, and error terns). Anong the
strategi es that we consider are |listw se deletion of cases, pairw se
del eti on, mean plugging, estimation of conditional neans, inputation using
the EM algorithm and nultiple inputations. W do not discuss three other
approaches to m ssing data: reweighting of cases, hot deck inmputation, and
regressi on-based inputation. For the interested reader, Cohen, Cohen, West,
and Ai ken (2003) provide an overview of these techni ques. W conclude with a
series of reconmendations for investigators about how to prevent mnissing data

and cope with the occurrence of mssing data in institutional studies.

Types of Missing Data

Al forms of mssing data can be problematic, but some forns are nore
problematic than others. Three types of missing data are delineated in the
l[iterature on missing data: mssing conpletely at random (MCAR), m ssing at
random (MAR), and missing not at random (NMAR). When mi ssing data are MCAR,
there is no discernable pattern to the mssing values. The mssing val ues
for a variable, say X;, are neither related to the variable itself nor rel ated
to any other variables in the analytic nodel (X,). Under this assunption
cases with valid values for X, still have a reasonable probability of being a
representati ve subset of values in the intended sanple (and thus the origina
popul ation). W say “reasonabl e” because even random sanpl es can devi ate
from popul ati on parameters. O course, even if nmissing data are MCAR they
may still pose a threat to the internal validity of a study. |[|f the anount

of mssing data is substantial, the resulting | oss of cases may considerably



weaken statistical power, increasing the likelihood of accepting the nul
hypot hesis when it is actually false (commtting a Type Il error).

A sonewhat weaker assunption is that data are missing at random ( MAR).
Under MAR, missingness on X; is related to another variable (X, in the
anal ysis, but not to Xjitself. For exanple, suppose that we have a question
about annual incone and femal e respondents fail to answer this question at a
rate hi gher than mal e respondents. So |ong as those male and femral e
respondents who provided data are representative of the annual inconme earned
by males and fenmales in the intended sanple, mssing data can be described as
m ssing at random Under these conditions the inclusion of gender in a nodel
provi des accurate estimtes of nale and fenmal e i ncome (though the overal
popul ati on mean for income may be biased upward or downward dependi ng on the
di f ference between nales and fenmales in annual incone). As with MCAR if a
substantial nunber of female respondents failed to provide incone data,
m ssing data may still weaken a study’'s statistical power, particularly
regardi ng the effects of gender (or the relevant X,) on incone.

A third type of mssing data is nmissing not at random (NVMAR). When
data are NMAR, nissing data are related to both the values of X; and the
val ues of one or nore other variables (X, in the analytic nodel. 1In the
exanpl e of inconme and gender just discussed, we would characterize m ssing
data as NMAR if femml e respondents failed to provide information about their
annual income at a higher rate than male respondents and if those femal e
respondents nost likely to withhold information were fermales with the | owest
annual incomes. Estimates of incone for females will be biased upward,
affecting not only estinmates of income for ferales but estinates of income
for the entire population. Moreover, as with MCAR and MAR, NMAR may al so
threaten a study’s internal validity if the nunber of fenmales who fail to

provide information substantially reduces a study’s statistical power.



MCAR and MAR are sonetines referred to as “ignorabl e” m ssing data, not
because the investigator needs to do nothing about partial data but because
there are known techni ques for addressing these types of missing data.
Schafer (1997) points out that the assunption of ignorability is nore easily
met when the dataset is rich and the analytic nodel is sufficiently conplex
because these conditions create opportunities to utilize a wi der range of
m ssing data strategies. NMAR by contrast, is nore problematic because it
poses a clear threat to a study’'s external validity with no clear mechani sm
for addressing potential bias (such as including gender in an analytic
nodel ). Additional information about the sources or causes of missing data
may facilitate an investigator’'s ability to address potential biases posed by
NVAR (for exanple, know ng that |ow achieving wonmen are less likely to report
i ncomre than high achi eving wonen). Unfortunately, investigators rarely know
t he sources or causes of mssing data in a study.

Al t hough MCAR, MAR, and NMAR provide useful distinctions for talking
about mssing data, it is very difficult, and perhaps even inpossible, to
determ ne the types of missing data that exist in a dataset or an anal ytica
nodel . Because nost, if not all, of the population paranmeters for variabl es
are unknown in a study (we do studies to estimate these paraneters), it is
i npossible to determine with certainty if nmissing data are MCAR, MAR, or
NVAR.  Furthernore, delineation of types of nmissing data is difficult with a
| arge nunmber of variables. Large-scale studies probably include exanpl es of
all three types of missing data, the consequences of which depend on the
amount of missing data, the size of the sanple, the specification of an
anal ytical nodel, and the patterns of m ssing data associated with specific
vari abl es. Wen the anmount of missing data is relatively small and the
sanmple size is relatively large, deternining which type of nissing data
exists is less inportant — nost strategies for coping with mssing data will

provide the same results, regardl ess of whether m ssing data are MCAR, MAR



or NMAR. However, as the ampbunt of nissing data increases and the sample
si ze decreases, the choice of how to address m ssing data is potentially nore

consequenti al

Strategies for Coping with Missing Data

Most strategies for coping with missing data assune either MCAR or MAR
A few strategies may work fairly well, even when data are NVAR if ot her
vari abl es provide sufficient information about mi ssingness to estimte
underlying relationships. Al though both MCAR and MAR require strong
assunpti ons about m ssing data, these assunptions may be reasonable for nany
studies. For exanple, research designs nay purposefully collect specific
i nformati on froma random subset of survey respondents and then use the
information to generalize to other respondents in a study. O the design may
call for each respondent to answer a random subset of itens, which nay then
be used to estimate a set of plausible values for respondents across al
items. Even when nissing data are not the result of research design, it nmay
be reasonable to assune that mssing data are at |east MAR  Studies of item
non-response on surveys suggest that respondents fail to provide informtion
for a wide range of reasons (Krosnick, 2000), and these reasons, when taken
together, may create “noi se” but not substantial bias in a study.

We divide the strategies for coping with mssing data into two broad
categories: (1) traditional strategies appropriate with MCAR or MAR and (2)
energent strategies that are appropriate for MCAR, MAR, and sonetimes even
NVAR. The traditional strategies that we consider include |istw se deletion,
pai rwi se del etion, single inmputations (such as nean plugging and estimation
of conditional neans), while energent strategies include inmputation using the
EM al gorithmand multiple inmputations. These newer strategies, though
conputationally nore conpl ex, have the advantage of handling multiple types

of missing data reasonably well. Even when nissing data are NMAR, these



newer strategies for coping with mssing data may still provide a
sati sfactory solution to the potential bias that NVAR introduces into a
st udy.

Traditional Strategies. Careful inspection of mssing data patterns
for a set of variables may reveal that an exclusion strategy is an
appropriate approach to addressing the absence of information for some cases.
If the majority of missing data is exclusive to a variable of debatable
i mportance or a small set of cases in the sanple, investigators may decide to
drop the variable or drop the cases fromthe study. Although |oss of
information is never the optimal solution to mssing data, if the nunber of
vari abl es and cases involved is relatively small, say |less than three
percent, and the sanple size exceeds 200 (Cohen, Cohen, West, and A ken,
2003), excluding variables and cases froma study is often a prudent response
to the problens posed by mssing data. Even if mssing data remain after
excl usion, the renmaining m ssingness may be addressed by other m ssing data
strat egi es.

Listwise Deletion. |If mssing values can be characterized as MCAR or
MAR, then |istw se deletion of values is an appropriate strategy (A lison,
2002). Listwise deletion (a nore extrenme case of exclusion) involves
del eting any case fromthe sanple that has m ssing values for variabl es that
an investigator intends to use in a study. The resulting data are conplete
in that every case provides full information for the analysis. Wen m ssing
val ues are MCAR, the resulting dataset has a high probability of being a
representative subsanple of the larger or full dataset. Analyses done with
the reduced dataset shoul d provide unbiased estimates of any paraneters of
interest, and the standard errors, though |arger due to the reduction in
sampl e size, are, nonethel ess, appropriate for the reduced dataset.

Even when mnissing data deviate fromthe assunption of MCAR, I|istw se

del etion may yield reasonable estimtes of popul ation paranmeters. In the



case of MAR nodel specification can often be used to successfully address
any potential bias in the restricted sample. Providing that the variables
associated with mssing data can be identified, and “mnissingness” is not
related to the dependent variable, MAR can be thought of as a special case of
stratified sanpling — that is, specific groups are either under- or over-
represented in the dataset. |If these groups are included in the analytic
nodel, it is possible to derive accurate regression coefficients and
preserve the validity of a study’s findings.

Al t hough deletion is (a) easy to do, and (b) appropriate for any type
of statistical analysis, its primary drawback is the possibility of depleting
the statistical power of a study. Mreover, even under the best of
conditions, listwise deletion my yield unsatisfactory results as the anount
of missing data increases, increasing the likelihood that the reduced sanple
will deviate fromthe full sanple. Alternative approaches to coping with
m ssing data are responses to the fundanental recognition that |oss of data
al ways threatens the internal and external validity of a study. Mreover, as
we argued above, it is inpossible to know for certain if mssing data are
MCAR, MAR, or NMAR, and nost studies probably include a nmix of all three
types of nmissing data. To address possible | oss of statistical power and
i nformation, investigators have devel oped alternative techni ques of coping
with mssing data that utilize informati on about the rel ationship between
variables so as to preserve a greater proportion of cases.

Pairwise Deletion. As with listwise deletion, if data are m ssing
MCAR, pairw se del etion yields unbiased estinmates of popul ati on paraneters
and covariance structures for variables in an analytic nodel. Unlike
listwise deletion, though, pairwi se deletion utilizes all of the available
data in an analysis, preserving information and the statistical power
associated with a study. Wen data are present for any two vari abl es,

pairwi se deletion utilizes this information to construct means, standard



devi ations, and a correlation matrix for all of the variables of interest in
a study. Each statistic is an unbiased estimate of the popul ati on paraneter
for the full dataset, even though the nunber of cases for each statistic my
vary substantially. Once these sunmary neasures are conputed, they can then
be used as input for appropriate statistical procedures, such as ordinary

| east squares regression

VWi | e pairwi se del etion provides sone advant ages over |istw se
deletion, it also brings with it some di sadvantages. A major di sadvantage is
that there is no clear way to unanbi guously conpute the standard errors,
since errors vary with the sanple size on which the summary statistics are
based. The actual sanple size (n) is sonmewhere between the ninimum and t he
maxi mum nunber of cases for variables so estimates of error are anbi guous.
Anot her di sadvantage is that pairw se deletion does not always result in a
“positive definite” covariance structure (Allison, 2002). Because the
maxi mum r ange of covariance varies across pairs of variables, it is possible
for the coefficient of determination (R?) to exceed one (or 100 percent). The
possi bility of nonsensical covariance structures increases as patterns of
“m ssingness” vary across variables in an analytic nodel. The nore the
sanpl e sizes vary across pairs of variables, the greater the |ikelihood that
pairwi se deletion will fail to produce a “positive definite” covariance
structure (an occurrence that is not always clearly identified by statistica
software). For this reason, investigators advise caution in the use of
pai rwi se del etion of mssing data in anal yses.

Single Imputation. An alternative to |istwise and pairw se deletion is
to use available data to estimate a value for cases with missing data. This
strategy preserves a |arger nunber of cases and creates a comopn sanple size
for all variables in the analysis. The sinplest strategy is to inmpute the
val ue of a nissing case as being the nean for that variable. [If all of the

m ssing values are handled in this way, the treatnent of m ssing val ues can



be thought of as orthogonal across the variables in a study. An alternative
is to estimate conditional values for mssing data based on rel ati onships
with other variables in a study. The investigator might create a matrix of
vari abl es that includes race, gender, and high and | ow val ues on sone

conti nuous measures of interest. The nean values in a cell (for example, the
average earnings of white fenales with 16 or nore years of education) can
then be substituted for relevant cases with mssing data. By using nore
information in the dataset, the investigator increases the possibility of
accurately estimating the value for mssing data. A shortcom ng of the
condi tional nean approach, however, is that estimations with partia
infornati on may not be a substantial inmprovenent over nean pluggi ng.

One problemw th either approach to inmputation is that the standard
error associated with a variable is likely to be too snall. This is
obvi ously true when the grand nean is used to estimate values, but it is also
true when nore conplex strategies are used to estimate a value. For each
strategy, the anmount of information that we have for an analytic nodel is not
equi val ent to the nunber of cases that we have in a dataset. To address
this, investigators have recomended using a dumy-coded variable for inputed
data in analytic nodels (1 = inputed, 0 = not). By doing so, investigators
partition the effect associated with a variabl e between observed and i nputed
val ues, as well as provide a direct test of whether observed cases differ
frominputed cases in their effects. This strategy can be easily extended to
nmultiple variables with i mputed val ues for missing data.

The primary advantages of single inputation strategies are that they
preserve nore of the data and it is possible to test directly whether inputed
and observed values for variables differ in their relationship to a dependent
variable. |If mssing data are MCAR these procedures typically yield
unbi ased estinates of popul ati on parameters and preserve a study's validity;

if they are not, estimates nmay be biased, even under conditions of MAR |f



the investigator does not know how mi ssingness is related to other variables
in the study, the inmputed values may al so be biased. Mbreover, the standard
errors associated with inmputed val ues are al ways underestimated and the
corresponding test statistics are always over estimated (Al lison, 2002).

W t hout incorporating uncertainty about the actual value of m ssing data,

i mputation strategies always result in standard errors that are snaller than
shoul d be expected by chance.

Emergent Strategies. Recent devel opnents in statistical nethodol ogy,
coupled with the rapidly expandi ng capacity of conputers to perform conpl ex
mat hemati cal tasks, provide two new techni ques for addressing m ssing data:
the EM al gorithmand nmultiple inmputation strategies. The EM al gorithm and
multiple inputation are currently available in a nunber of statistica
anal ysi s packages and speci alized progranms; sone of these prograns are
avai l abl e free of charge fromtheir authors.

Imputation with EM Algorithm. “EM stands for “Expectation-
Maxi m zation,” and although it is a mathematically conpl ex approach, the
basic logic is as follows. The EM approach asks the question, “What
paranmeter estimates are nost likely given the data that were observed?” In
answering this question, the paraneters of interest are estimated fromthe
avai |l abl e data. Then these paranmeters are used to estimate possible val ues
for the data that are nissing. Next, the paranmeters are re-estimated using
the avail abl e data and estinmated values. Then the nmissing values are re-
estimated based on the new parameters. This iterative process continues
until the difference between estimtes of paraneters fromone cycle to the
next is deemed inconsequenti al

The EM approach takes advantage of the rel ati onshi ps anong variables in
the dataset to form “best guesses” for missing values. It is typically
designed to naxim ze estinmation of sumuary statistics, however, and not the

val ues for individual cases. |Its strength is in estinmating summary
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statistics and the covariance structure in the data. Although estinmations
with the EM al gorithm often provide substantial advantages over traditiona
approaches, the EMalgorithmstill does not take into consideration that the
estimations are of unknown precision — that is, that estimtions represent
one possible solution in an uncertain range of possibilities. Miltiple
i mputation strategies address this shortcom ng

Multiple Imputation. In nultiple inputation approaches, a nunber of
val ues are estimated for each missing value. The end result is a nunber of
datasets in which the avail able data are all the sane, but the m ssing val ues
are replaced with different plausible values in each dataset. The technique
used to generate these estimates for mssing values is a sinmulation-based
approach call ed Markov Chain Monte Carlo (MCMC) estimation. Stated very
sinmplistically, in the multiple inputation approach, a distribution of
pl ausi bl e values is estimated for each m ssing data point, and then in each
i mputati on one value is randomy selected fromthis distribution. The
researcher creates a nunber of inputed datasets, and then perforns anal yses
of interest on each dataset. Parameter estimates can then be conbi ned across
each of these anal yses to provide better estimates and a picture of the
variability of these estinmates anong the various inputed datasets. Although
t he nunber of inputed datasets is determned by the researcher, as few as
five inputed datasets will frequently provide satisfactory estimtes
(Schafer, 1997). The primary advantage of multiple inmputations is that it
i ncorporates uncertainty found in observed data when inputing values. Mre
t echni cal expl anations of these newer strategies, along with a comnparison
with traditional approaches, is found in Little and Rubin (2002), Schafer

(1997), and Schafer and G aham (2002).

An Example
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To exam ne the possible consequences of using different strategies for
coping with m ssing data, we constructed a dataset of 1,000 cases using
variabl es froman alumi survey conducted by a comunity college. W
generated a hypothetical dataset using simlar variables; therefore, the
substantive findings reported here are purely fictional and presented merely
toillustrate different mssing data techniques. The prinmary analytic
guestion is whether there are differences in alumi satisfaction with their
educati onal experiences based on an alummus’ reason for enroll nment (Acadenic
= 1if enrolled in pursuit of an academ c degree, other reasons = 0), as well
as an alumus’ GPA, age, and gender (Male = 1 if nmale, O otherwise). W
standardi zed the three continuous neasures around their nmeans and standard
deviations (M= 0; SD = 1). The proportional representation for respondents
who said that their reason for attending had been to pursue an academ c
degree and who identified thenselves as male was 52 percent and 56 percent
respectively. The correlations anong variables are shown in Table 1

Kkkkkkkkkkkkxk [ nsert Tabl @ 1 Here ***% k% kot ks ks kkxk

Qur original 1,000 cases included conplete data for all variables. W
next set about creating a second dataset that contained various types and
patterns of mssing data. W preserved all cases for our intended dependent
variabl e, Satisfaction. W could have created m ssing data for the dependent
variable, as well, but decided against it since it is nore conmon in
institutional research to sinply delete any case that does not have a val ue
for the dependent variable. Nonetheless, investigators should recognize
that m ssing data strategies other than |istw se deletion can be used
successfully with dependent variables as well. W randomy del eted
i nfornati on about gender for 50 cases (5 percent); these m ssing data can be
characterized as MCAR W next deleted information about the reason for
enrol Il ment for 300 of the cases for alummi who said that their intent was to

pursue an academ ¢ degree (30 percent). Cases with mssing values on this
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vari abl e were higher on GPA and Satisfaction, and nore likely to be fenal e.
Therefore, the Academi c variable in our exanple is NVAR. Next we deleted the
val ue for Age for the 200 ol dest alumi (20 percent), another exanple of

NVAR.  Finally, we deleted 250 val ues of GPA for cases with the | owest val ues
on Satisfaction (25 percent). This is an exanple of MAR because ni ssi ngness
i s dependent on another variable (Satisfaction), but not on GPA itself.

The resulting dataset includes a substantial amunt of m ssing data and
provi des a sonewhat rigorous test for traditional and energent strategies for
coping with mssing data. Table 2 shows the nunber of cases exhibiting each
pattern of missing values for the variables in the exanple. The majority of
cases have values for at |east three variables, and m ssing val ues form what
Schafer and Graham (2002) refer to as an “arbitrary” pattern of m ssing
values (in contrast to variables missing for a block of cases, as would occur
when there are skip patterns on a survey). Although no single variable is
m ssing nore than 25 percent of its cases, the reduced dataset has conplete
i nfornation for only about one third (371 cases) of the full dataset. Wile
we do not think that this is an uncomon occurrence in institutional research
involving nultiple variables with varying anmounts of missing data, we do
believe that this scope of missing data represents a considerabl e chall enge
for an investigator. Mreover, mssing values for the variables Academnm c and
Age are missing systematically -- all missing values on Acadenmi c are those
who enrolled for academ c reasons, and all missing values on Age are the
ol dest alumi. M ssingness on GPAis strongly related to Satisfaction, given
that the values that we deleted included all of the |east satisfied alumi.
These patterns of mssingness are fairly extreme. A nore realistic
assunption for NVAR woul d be that missing data for these variables are bhiased
but less extrenely so than represented here. W focus on these nore extremne

condi ti ons because we believe that they have a greater I|ikelihood of
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reveal i ng how wel | different approaches to missing data estinmate a known set
of paraneters.

kkkkhkkkhkkhkhkkhkhkk* Insert Table 2 l_bre kkkkkkkhkkkhkkk*x

Baseline Estimates. W used the full dataset to construct a baseline
set of estimates, or “truth,” about whether there were differences in al umi
sati sfaction based on an alumus’ reason for enrolling at the college, GPA
age, and gender. Table 3 presents the means and standard devi ations for
vari abl es, the regression coefficients, and the correspondi ng 95 percent
confidence intervals around the regression coefficients. The neans for the
variabl es are the sane as those reported above. The confidence intervals for
these univariate statistics are .12 SD for the three standardi zed, continuous
variables and .06 SD for the two dummy-coded vari ables. The reported
confidence intervals represent a range of possible paraneter estinates
approxi mately two standard deviations (plus or mnus) fromthe baseline
par anmet ers.

KkkkkERERKKKRRERE | nsert Tabl @ 3 Here *****+xkxktkx*

The regression results are presented in the bottomhalf of the table,
and represent the effect sizes of each variable. Because the dependent
variable is standardi zed on its nean and standard devi ati on, the regression
coefficients are in standard deviation (SD) units. The effect sizes
represent a proportion of a SD change in satisfaction for every unit change
in the independent variables. Effect sizes provide a useful way of conparing
and characterizing the nmagnitude of changes in dependent vari abl es associ at ed
wi t h i ndependent variables specified in one or nore nodels. For an
expl anati on and descriptions of standard deviation units and the use of
effect sizes in social science research, see Rosenthal, Rosnow, and Rubin
(1999). Bolded coefficients in italic are statistically significant at p <

.05 or lower. CQur analytic nodel, based on our hypothetical data, indicates
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that there are differences between alumi in their satisfaction with their
educational experiences. The |east satisfied alumi are males (- .53 SD) and
alumi who said that they enrolled in the college to pursue an academic
degree (-.41 SD). Alumi wth GPAs one standard devi ati on above the nean
report higher levels of satisfaction (.40 SD higher), whereas Age is
unrelated to the level of satisfaction reported by alumi. The range for the
95 percent confidence intervals are simlar for the intercept (.17 SD), as
well as the coefficients for GPA (.20 SD), Academic (.20 SD), and Male (.21
SD). The range for the 95 percent confidence interval for Age is snmaller at
.10 SD.

We next ran the sane analysis on the dataset with partial infornmation
using different strategies for addressing missing data. Listw se, pairw se,
nean pluggi ng and condi tional means were conputed using SPSS; the estinmates
for the EM approach and multiple inputations were conputed using NORM 2 We
used two criteria for judging the validity of our paraneter estimates under
di fferent m ssing data techniques — decision accuracy and parameter
precision. W defined decision accuracy, specifically with regards to the
regression coefficients, as the extent to which we would reach the same
substanti ve concl usions that we reached for the analysis we conducted with
conplete data. Used in this way, judgnents of accuracy reflect whether
findings of statistically significant rel ationships anong vari abl es woul d
change® with the use of different missing data strategies. W exam ned the
sign for the regression coefficients and the results of the hypothesis tests
to evaluate each mssing data strategy for this criterion. W defined
paraneter precision to be the extent to which the nissing data strategies
provi de paraneter estimates that fall within the 95 percent confidence
interval s* for the sane estimtes using conplete data. Paraneter precision
then, is concerned with how well various missing data strategies estinate the

val ue of the nean and regression coefficients.
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Comparison of Strategies. Table 4 conpares univariate statistics and
regression coefficients for the six different strategies for coping with
m ssing data (listw se deletion, piecew se deletion, nmean pluggi ng,
conditional neans, inputations with the EMalgorithm and nultiple
i mputations). The first columm of figures in Table 4 shows the baseline
paraneter estinmates that woul d be obtained using the conpl ete dataset (see
Table 3). As in Table 3, bol ded coefficients in italic are statistically
significant at p < .05 or lower. Shaded cells represent neans or regression
coefficients that fall outside of the 95 percent confidence interva
establ i shed by the paranmeter estimates for the conpl ete dataset (see Table
3).

KAk kk kK xRk RRARRA* | nsert TabDl @ 4 Here *****xkt kst kst kkx*

Decision Accuracy. Al six mssing data strategies yield the sane
substanti ve concl usions as those we nade for the regression anal ysis based on
conplete data. |In each analysis, we would conclude that fenale alumi,
alumi with higher GPAs, and alumi who enrolled for non-acadenic reasons are
nore satisfied with their educational experiences than male alumi, alumni
with [ower GPAs, and alumi who enrolled for academnic reasons. In none of
t he anal yses woul d we conclude that alumi satisfaction varies with al umi
age — older alumi in all six analyses are no nore (or less) likely to be
sati sfied than younger alumi. Even when relatively |arge anmounts of data
are m ssing, and some mssing data are NVAR (as in this exanple), avail able
strategies for coping with m ssing data can yield consistent regression
results. The missing data strategies traditionally used by institutiona
i nvestigators are relatively robust if the resulting sanple size is nodestly
|arge and the standard errors are relatively small conpared to the regression
coefficients (as is the case in this exanple). The smallest statistically
significant coefficient in our exanple is .40 SD and none of the standard

errors is greater than .05. |If sone of the relationships in our analytic
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nodel had been borderline significant, there m ght have been greater
di vergence in accuracy between strategies.

Parameter Precision. |f we consider the univariate statistics first,
the only paranmeter consistently estimated with precision by all strategies is
the nean for Male, the variable for which mssing data are MCAR. Al of the
strategies estinmate the nean for Satisfaction with precision except |istw se
del etion. However, since Satisfaction has no mssing data, this is not nuch
of an acconplishment. The EM algorithmand multiple inputations succeed in
estimating with precision the nean for GPA (created to be MAR), but not for
Academ ¢ and Age (both NMAR). The | argest deviations fromthe “true” mean
hover around -.33 SD for Age, regardl ess of the missing data strategy
enpl oyed, while the smallest deviations is .13 SD for GPA when we used
listwise deletion. Cdearly, when nissing data introduce bias either directly
or indirectly into a dataset, it is difficult to estimate univariate
statistics with precision wthout knowi ng why and how data are m ssi ng.

The bottom hal f of the table provides estimtes of precision for the
regression results. Although each of the nissing data strategi es provides
accurate paranmeter estimates for the regression analysis, the estimtes
frequently fall outside of the 95 percent confidence intervals for the ful
data. The paraneter estinmated with the greatest precision is the coefficient
for Age, and this is largely because Age is not related to the dependent
variabl e. Nonethel ess, there are some noticeable differences in the
preci sion of paranmeter estimates yielded by the different approaches. Both
the estimates based on the EM al gorithmand nultiple inputations are nore
preci se than the estimates based on traditional approaches to m ssing data.
Al of the estimates using nmultiple inputations fall within the 95 percent
confidence interval for the full data, and only the estimate for the
intercept diverged fromthe 95 percent confidence interval for the analysis

t hat used inputations based on the EM al gorithm Al though the assunptions
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about mssing data for the EMalgorithmand nmultiple inputations are the sane
as traditional approaches, these strategies yielded nore precise paraneter
esti mates, even for variables we specified as NVAR

The traditional strategies perfornmed noticeably less well on this
criterion. O the four approaches that we exam ned, only pairw se del etion
provi ded precise estimates for a majority of the paraneters (3 out of 5).
Mean pluggi ng provided precise estimates for two out of five paraneters,
condi tional neans provided precise estimates for one out of five paraneters,
and |istw se deletion provided precise estimtes for none of the paraneters.
Al t hough not included in Table 4, we introduced a series of dummy-coded
vari abl es indicating whether m ssing data had been inputed through nean
pl uggi ng or conditional means into the nodel to see if this would inprove the
preci sion of estimates. The dumry-coded variables for nmissing data were
statistically significant for GPA, Academ c, and Age, but not statistically
significant for Male. Wile the dunmy-coded variables inproved the precision
of the intercept, it did not inprove the precision for any of the other
coefficients. The precision for Academ c actually becanme worse, exceeding
the 95 percent confidence interval, when nmean plugging with inputed data
i ndicators was the strategy used to address m ssi ng data.

These findings are based on a single, hypothetical dataset. A nore
t horough investigation of the consequences of enploying different mssing
data strategies requires replication of findings across nultiple datasets
with different specifications for mssing data, sanple size, analytic nodels,
and baseline relationships. Changes in any of these specifications could
alter, perhaps substantially, these findings. To our know edge, there is
very little literature that would allow us to specul ate about the robustness
of these findings, particularly how they m ght vary across different datasets
and alternative specifications. Nonetheless, our findings are consistent

with those reported by Cohen, Cohen, West, and A ken (2003), who found only
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snal | differences between traditional techniques for addressing nissing data
in terms of substantive conclusions (accuracy), and Schafer and G aham
(2002), who used sinulations to denonstrate the advantages (prinarily
precision) of the EMalgorithmand nultiple inputations conpared to nore
traditional mssing data techniques. Wth this in mnd, we offer a few
recomendations to institutional researchers faced with the probl em of

m ssi ng data

Recommendations for Coping with Missing Data

VWhat can institutional researchers do to cope with m ssing data?

First, take the methodol ogical problens associated with missing data
seriously and plan for its occurrence in research designs. While the
strategi es that we have exam ned focus on coping with mssing data after they
occur, sone of the nobst successful strategies may be those enpl oyed by

i nvestigators before m ssing data occur. A substantial anount of research
has been done on nmethods for inmproving the quality of survey data (see
Groves, Couper, Lepkowski, Singer, and Tourangeau, 2004). These studi es have
sought to understand how such things as sanple design, itemconstruction,
item pl acenent, and survey follow up procedures influence the quality of data
avail able to investigators, including biases introduced by m ssing data.
Careful attention to the details of research design can limt not only the
amount of item non-response that investigators nmust address when anal yzi ng
data but also the amobunt of unit non-response in a dataset (an even nore
serious problemfor sone forns of institutional research).

Second, examine closely mssing data when it occurs and seek to
understand its patterns and possible causes. Although we renain skeptica
about the ability of investigators to determ ne precisely the types and m x
of missing data that occur in an analytic nodel or institutional dataset,

exam nati ons of m ssing data patterns can provide useful insights about the
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chal | enges posed by nissing data, the consequences of specific strategies
(such as listwi se deletion), and soneti nes even the sources of nissing data.
Randonmess of missing data can be studi ed by exam ning the shape of
univariate distributions, correlating mssing value indicators, and conparing
t he nmeans of variables for cases with and without mssing data (see Hair,

Tat ham Anderson, and Bl ack (1998) for a discussion of exploratory techniques
with mssing data). Mninmally, an investigator should determ ne the extent
to which available data for a study diverges fromthe larger institutiona

dat aset so as to determine and report the likely paraneters for externa
validity.

Investigators may also find it helpful to exam ne carefully the
patterns of missing data in an entire dataset (not just those variabl es that
are candidates for a particular study). |If investigators discover persistent
patterns in mssing data (for exanple, particular types of survey itens that
have | arge ambunts of non-response or sources of institutional data that
consi stently under report valuable information), steps can be taken to
address these problens. Surveys can be altered or redesigned to limt
nm ssing data; data nonitoring procedures can be inplenmented to enhance the
gquality of data and address | apses in data collection before they create
fatal flaws in an institutional dataset. Investigators may also find it
beneficial to design small studies that target specific areas of desirable
i nformati on plagued by m ssing data issues. Focus groups with potential
respondents and representatives of organizations that report data can provide
useful insights into howto inprove data collection, redesign surveys, and
reduce m ssing data.

Finally, investigators should famliarize thensel ves and becone
proficient with the full range of nissing data strategies that can be
utilized in institutional research. Wth regards to these strategies, our

exam nati on of approaches to handling m ssing data provides both good and bad
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news for investigators. Although we caution that our findings are based on a
singl e sinul ated dataset, the good news is that when m ssing data disrupt
your research plans, there are relatively good strategies for dealing with
them |If the goal is to provide accurate regression results, available
techni ques for coping with m ssing data often provide valid coefficients,
providing the sanple size is relatively large and the ratio of the “true”
standard error to the “true” parameter estimate is relatively small. Even
when the variables of interest include a mx of mssing data types,
traditional techniques often provide substantive conclusions that are not
dependent on the type of strategy used to address inconplete data.
Nonet hel ess, we do not claimthat these strategies will always and under any
circunmst ances yield the same substantive results or that the treatment of
m ssing data is inconsequenti al

On the contrary, if the goal is to provide precise estinmates of
paranmeters, the news is not so good. Traditional approaches to addressing
m ssing data provide inmprecise neans, intercepts and regression coefficients.
In our opinion, this is not a trivial matter. Despite the relative accuracy
of the different approaches, the absence of precision nay |ead investigators
to different conclusions about popul ation paraneters and even the relative
i nportance of variables in an analytical nmodel. In the exanple that we
provided, the “true” estimate for the influence of GPA on satisfaction is .40
SD (a nmoderately strong influence); however, when using traditiona
approaches for coping with mssing data, the paraneter estimate is as | ow as
.21 SD (nean pluggi ng) and never exceeds .31 SD (pairw se del etion).
Similarly, the paraneter estimates for Academi c ranges froma |low of -.29 SD
(listwise deletion) to a high of -.57 SD (conditional neans). Such
differences are not trivial, even if investigators arrive at the sane

concl usi ons regardi ng hypothesis testing and the direction or rel ationshi ps.
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Fortunately, newer strategies for coping with mssing data yield not
only accurate but nmore preci se paraneter estimates than traditiona
strategi es. Even though these newer approaches are computationally conpl ex,
they are relatively robust to nultiple types of mssing data, even sone
patterns of mssing data that violate assunptions of MCAR and MAR. Al t hough
we do not think that traditional strategies for addressing missing data
shoul d be abandoned by investigators, especially since these strategies often
provide an efficient and relatively straightforward approach to addressing
partial information, we strongly encourage investigators to expand their
m ssing data repertoire to include these newer techniques. Inputations with
the EM al gorithmand rmultiple inputations provide robust estinates of
parameters for nultiple types of mssing data. By using these techniques
appropriately, institutional researchers can provide policynakers with not

only accurate but nore precise estimtes of many paraneters of interest.

Robert G Croninger is Associate Professor in the Departnent of Educationa
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Table 1. Bivariate correlations for dataset with no m ssing val ues

Satisfaction GPA Academic Age Male
Satisfaction 1.00
GPA . 50 1.00
Academic -.32 -.16 1.00
Age .18 .27 -.06 1.00
Male -.39 -.21 . 20 -.11 1.00
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Tabl e 2: M ssing data patterns?

Number
of Cases
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“
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Tabl e 3: Baseline estinates using conplete data (“Truth”)

Parameter? 95 % Confidence
Variables Estimate SD SE Intervals
Low | High

Univariate Statistics

Sati sfaction 0. 000 1. 000 0. 032 -0.063 0. 063
GPA 0. 000 1. 000 0. 032 -0. 063 0. 063
Acadeni ¢ 0. 520 0. 500 0.016 0. 488 0. 552
Age 0. 000 1. 000 0. 032 -0. 063 0. 063
Mal e 0. 555 0. 497 0.016 0.523 0. 587

Regression Results’

I ntercept 0.507 0. 044 0.421 0. 593
GPA 0.404 0. 027 0. 352 0. 457
Acadeni ¢ -0.410 0. 051 -0.511 -0. 309
Age 0. 028 0. 026 -0.023 0.079
Mal e -0.529 0. 052 -0. 631 -0. 426

aThe first five rows provide univariate statistics for the variables while
the last five rows provide the intercept and regression coefficients.

® Bol ded coefficients initalic are statistically significant at the p < .05
or | ower.




Table 4. Effects of using different missing data strategies on neans and regress

on coefficients?

Baseline Listwise Pairwise Mean Conditional EM Multiple
Variables Estimates® | Deletion® | Deletion® Plugging' Means Estimates Imputations
Univariate Statistics (Means Only)
Sati sfaction 0. 000 0. 287 0. 000 0. 000 0. 000 0. 000 0. 000
GPA 0. 000 0. 125 0. 210 0. 210 0.176 0. 000 0. 004
Academi c 0. 520 0. 677 0.743 0.743 0.733 0.724 0.726
Age 0. 000 -0. 312 - 0. 348 -0. 348 - 0. 343 -0. 332 - 0. 332
Mal e 0. 555 0. 547 0. 555 0. 555 0. 553 0. 552 0. 554
Regression Results (Coefficients Only)
I nt er cept 0.507 0.665 0.639 0.718 0.769 0.621 0.578
GPA 0.404 0.235 0.314 0.213 0.251 0.392 0.398
Academi c -0.410 -0.294 -0.463 -0.481 -0.569 -0.433 -0.376
Age 0. 028 -0. 056 0. 020 0. 060 0. 054 -0. 007 -0.001
Mal e -0.529 -0.413 -0.638 -0.694 -0.684 -0.566 -0.560

& Shaded paraneter estimates are outside of the 95 percent confidence intervals for

3). " Bolded coefficients initalic are statistically significant at the p < .05 or |ower.
estimates are based on conplete data as shown in Table 3. 9 Listwi se deletion has a sanple size of 371. ¢

Pai rwi se del etion has a sanple size that
pl uggi ng, conditiona

neans,

EM esti nat es,

ranges from 1000 for Satisfaction to 700 for Academ c.
and nultiple inputations have sanple sizes of 1, 000.

conplete data (see Table
¢ Baseline

f Mean
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Endnotes

! The authors for this chapter contributed equally to its preparation. Special thanks to Michelle Appel, Senior
Research Analyst in the Office of Institutional Research and Planning at University of Maryland for information on
issues of interest to institutional researchers, and to Gayle Fink, Director-Planning, Research and Evaluation at The
Community College of Baltimore County, for sharing the dataset on which our simulated data are based.

2 NORM is a program to do multiple imputation developed by J. L. Schafer. This software can be downloaded from
http://www.stat.psu.edu/~jls/misoftwa.html. Attempts to use SPSS for EM estimation provided inconsistent results,
a finding further explicated in von Hippel (2004). NORM is well documented but does require a number of
additional steps in data preparation and implementation. NORM uses a normal distribution, and although best suited
to continuous variables can accommodate dummy-coded variables. Several similar programs are in development for
use with categorical variables, mixtures of categorical and continuous variables, datasets with interaction terms and
multi-level designs. As with all statistical procedures, the user bears the responsibility for obtaining a basic
understanding of the MCMC approach and associated diagnostics.

® Obviously, decision accuracy depends on the criterion for rejecting the null hypothesis. The results that we report
in this chapter are based on the conventional criterion of p < .05.

* The means and coefficients that we report for each missing data technique are estimates based on a different
sample. The 95 percent confidence interval represents the range of means and coefficients that we would expect in
95 percent of the samples drawn from the same hypothetical population that we used to calculate our baseline
parameters. If a coefficient deviates from the range, it is statistically different from the coefficient that we report for
the baseline model.

28


http://www.stat.psu.edu/~jls/misoftwa.html

