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1. Introduction

Missing datais a common problem in virtually all surveys. In cross-sectional surveys,
missing data may mean no responses are obtained for awhole unit being surveyed (unit
nonresponse), or that responses are obtained for some of the items for a unit but not for
other items (item nonresponse). In panel or longitudinal surveys, the data may be missing
In more complex patterns. For example, a unit may respond to one wave of a survey but
not respond to other waves (wave nonresponse).

Unit and item nonresponse cause a variety of problems for survey analysts. Missing data
can contribute to bias in the estimates and make the analyses harder to conduct and results
harder to present. The most commonly used method for compensating for unit
nonresponse in National Center for Education Statistics surveysis to adjust the weights of
the respondents so that survey analysts can use the observed data to make inferences for
the entire target population. The most frequently used method to compensate for item
nonresponse in NCES surveys is imputation. Imputation consists of replacing the missing
dataitem with avalue that is either taken directly from a value reported by another
respondent in the same survey or derived indirectly using amodel that relates
nonrespondents to respondents.

In practice, imputed values are often treated as if they were true values. This procedureis
appropriate for devel oping estimates of totals, means, proportions, and most other
estimates of first-order population quantities like quantiles, if the imputation does not
cause serious systematic bias. However, to estimate the variance of these estimators when
there isimputed data, it is no longer appropriate to use the standard formulae. As early as
the 1950s, Hansen, Hurwitz, and Madow (1953) recognized that treating imputed values
as observed values can lead to underestimating variances of these estimators if standard
formulae are used. This underestimation may become more appreciable as the proportion
of imputed items increases.

Analysts have devel oped a number of procedures to handle variance estimation of

imputed survey data. In particular, Rubin (1987) proposed a multiple imputation

procedure to estimate the variance due to imputation by replicating the process a number

of times and estimating the between replicate variation. This multiple imputation

procedure, however, may not lead to consistent variance estimators for stratified

multistage surveys in the common situation of imputation cutting across sample clusters

(Fay, 1991). Moreover, multiple imputation regquires maintaining multiple complete data

sets, which is operationally difficult, especially in large-scale surveys. More recently,

Sarndal (1992) outlined a number of model-assisted estimators of variance, while Rao
and Shao (1992) proposed a technique that adjusts the imputed values to correct the usual
or naive jackknife variance estimator for hot deck imputation. The Sarndal and the Rao
and Shao methods are appealing in that they yield unbiased variance estimators and only
the imputed file (with the imputed fields flagged) is required for variance estimation.
Kaufman (1996) proposed a variance estimation method similar to Sarndal’'s method that
can be used with a nearest neighbor imputation approach. Shao and Sitter (1996)
proposed to perform an imputation procedure on each bootstrap sub-sample to



incorporate the imputation variability. This proposed bootstrap procedure is consi stent
irrespective of the sampling design, the imputation method, or the type of statistic used in
inference. In fact, it isthe only method that works without any restriction on the sampling
design, the imputation method, or the type of statistic.

This research focuses on variance estimation and its consequences for anaysts of NCES

survey data. In section 2, Sarndal’'s method, Kaufman’s method, and Shao and Sitter’s
method are reviewed in more detail. In section 3, Shao and Sitter’s bootstrap method is
applied to the SASS 1993-94 Public School Teacher Survey component to assess the
magnitude of imputation variance.

2. Literature Review

Three types of approaches to variance estimation in the presence of imputation are
reviewed in this section: Sarndal's model-assisted approach (Sarndal, 1992). Kaufman’s
method that can be used when a nearest neighbor imputation approach is taken (Kaufman,
1996), and Shao and Sitter’'s bootstrap variance estimation method (Shao and Sitter,
1996). Shao and Sitter's method will also be applied to the SASS Public School Teacher
component in the next section.

2.1 Sarndal’s Model-Assisted Method

Sarndal (1992) proposed a model-assisted method. The model-assisted approach uses the
fact that most imputation methods have an underlying model which justifies the imputed
values. LeU ={1,.. .k, ..., N} be the index set of a finite population. A probability
samplesis selected fron with a given sampling design. Liebe the set of respondents,
andnr the set of nonrespondents. The variable of interest is denoted\leyare
interested in the estimation of the population tofak y , y, . The data after imputation
consist of the values denotgd, k/5, such that
0y, ifkOr
Yo =y e ifkOnr
wherey, is an actually observed value, agg,, denotes the imputed value for the unit
k. In the case of 100 percent resporfse,zmswkyk , Wherew, is the weight given to the
observationy, . When the data contain imputations, the estimatoisof, = 5, w, Y, -
The total error of, is decomposed as
f, —t=({-t)+( —-1).
The mean squared error (MSE){pf denoted by, is
V= Equ(ﬁ —1)% =Vew +Vive + Vyix
Herep()/denotes the sampling design, thap(s) is the known probability of realizing
the samples, q(4%) the response mechanism, thags|s) is the (unknown) conditional
probability that the response sas realized. It is assumed tigft$) is an unconfounded
mechanism. That is, it may depend on the covariate v@qels Ds}, but not on the



values {y,:k Os} of the variable of interest. Vsav is the sampling variance, Vivp isthe

imputation variance, and Vi x is the mixed term which measures the covariance between
the sampling error and the imputation error. The components in the mean squared error
(MSE) of {, are hard to estimate unless a model for the relationship between x and y is
brought in to assist the procedure. An example of such amoddl is:

Y =6 x, +¢ forkOU.
The ¢, arerandom variableswith E,(¢,) =0, E.(¢f) =0o°x, and E;(¢,¢,) =0 foral k
# 1 where E, denotes expectation with respect to the model. The anticipated MSE (that is,
the model expectation of the MSE) can be written as

E,(V) = E; (Vouy) + Equ[EE{(ﬁ —f)2|s,r}] +26,E[E{€ -0 ~Disr}]-

The &-expectations appearing in the true variance components can be evaluated without
difficulty, leading to expressions which depend on known x, - valuesand on the

unknown model parameters 5 and o2 The unconfoundedness of the nonresponse
mechanism ensures that the order of expectation operators E; and E,E, can be reversed.

Construct Ve, , Viye, Vix Such that
Eg{Equ V) _VSAM} =0
Eg{Ep E, (\7|MP) _VIMP} =0,
E{{Ep E, Vuix) _VMIX} =0

then

V =Vaw +Viup + Nyix
is anticipated to be unbiased for V. That is,
E{E.E,(V) -V} =0.
Sarndal (1992), Lee, Rancourt, and Sarndal (1995), and Rancourt, Sarndal, and Lee

(1994) applied this approach to four different imputation methods: respondent mean
imputation, hot-deck imputation, ratio imputation, and nearest neighbor imputation.

With Sarndal’'s method, the total variance can be estimated without multiple imputation
but an explicit model for the relationship between auxiliary varirbledy is needed to
assist the procedure. Therefore, if the imputation method is hard to model or if there is
not enough evidence to assume a model for the relationship betaadr, this

procedure is hard to implement. Also the unconfoundedness is satisfied often by
assuming the response mechanism does not dependyrahes, which is not always
true.



2.2 Kaufman’s Method

In practice, nearest neighbor imputation is often conducted in such a way that, within
each imputation cell, sampling units are sorted so that two nearest neighbors can be
identified for each missing case: one in ascending order and another in descending order,
for example. Let be the set of responding units amde the set of nonresponding units.
Kaufman (1996) considered the following imputation set-up: for édchr , one of the
two nearest neighbors (donors) is randomly selected and assigned to the missing item.
That is,

_ Oy, if k Or

DTl +yo-1,)  ifkonr
Here I, is a random variable witP(l, =1)=P(I, =0)=05, y,, is the value of the first
donor, y,, is the value of the second donor, andis the observed value féeOr . Let
t, =Y Y« be the population total of variabjelf all sampled units are observed, an

unbiased estimator af, is
9 = Zkgswk yk '
Here w, is the design weight (inverse of inclusion probability). If the data are imputed

and if we can assume the imputation does not cause very much systematic bias, then it is
appropriate to use the customary estimatar, of

y = Zkgswkyk '

In this section, we first derive the mean squared error of the underlying estinator
denoted byMSE(Y. ), then we derive the variance Wf, denoted by/(y. ), both under
Kaufman’s imputation set-up. We also discuss Kaufman’s approach of devi{§nj
For the mean square error @f, notice
MSE(J.)=E(J. -t,)’
=E(R. -y+9-t)
=E(3. -9)" + E(5 -1, )" +2€[(5. - 9)5 )]
and E(y-t,)” =V(9), cov[(y. -9).9]= cov[ (5. - 9), (y—ty)] = E[(y, - A)()Al—ty)],
hence
MSE(.)=E(g. - 9)" +V(9)+2COV[(3. - 9).9]. (1)
Here E(y. - §)° is the imputation variance(y) is the sampling variance, and
COV[()?, - 9), y] is the covariance between the sampling error and the imputation error.

However, to estimate the components on the right-hand sidﬁk‘a(y,), we need an
explicit model for the relationship between y and some auxiliary variables. Under
Kaufman’s imputation set-upi:ov[(y, -9), 9] can be written in a slightly different form.

Notice
COV/(3. - 9.9)=COV[E, (3. - 9).9]+ E[cOV, (3. - 9.9)]-



Here subscript 1 iswith respect to sampling design and nonresponse mechanism,
subscript | iswith respect to donor selection. Also notice

£ (5. - 9)=E, (9.)- ¥
=S o WY Y2y WiYia Y2 WY, — Y
=1/2(91+92)_9
=y. -9,
here ¥1 =5 o WieYie + Y o WiYia s ¥2 = 3 1 WaeYie + > ey Wi Yico » @0dl
COV, (9. - 9.9)=E [(9. - 9)9] - E: (5. - 9)E (9)
=[E:(3.)-9]9-[E: (5-)- 9]y
=0

S0 COV(Y. - ¥.9)= covl[y;, - 9,9]. Therefore
MSE(3.)=E(§. = 9)" +V(9) +2COV,[(v. - 9).9]- )

MSE(Y. ) can also be decomposed in the following way:
MSE(Y.)=E(§. -t,)’
=E(y. ~E(%.)+ E(%.)-t,)’
A~ ~ 2

=V(9.)+[E(.) -1 ]
Here V(y. ) isthe variance of the underlying estimator ., and E(Y.)~-t, isthe bias of
y..And E(Y.)-t, = E(y. - y) can be estimated by an assisting model ¢ in the following
way. First evaluate the conditional expectation for given sample s and respondentsr:

E¢(9. - YIsr)=d;.

Then for the given sand r, find amodel unbiased estimator d, for d,. Here again we

need a model and the assumption of unconfoundedness. The other component, v(y, ) the
variance of V., , is obtained as following

V(5.)=V(5. -9+ 9)=V(5. - 9)+V(9) +2c0V[(5. - 9).9]. 3
Since COV(Y. - ¥,9)=COVy[y. - ¥,9], V(9. ) can bewritten in aslightly different form
V(9.)=V (5. - 9)+V(9)+2c0v (5. - 9).9]. (4)

The right-hand side can be written in aform only with respect to the sampling design and
response mechanism. Notice

V() =Vi(9).

V(3. = 9)=VA(5. = 9)* Y4 S o Wi (v + v
Therefore,

V(3.)=V(9) +Va(v. - 9)+ El[]/4 3 e WE (V2 + V2 )] +2COV,(v. - 9.9).  (5)
To estimate the variance components on the right side, however, we have to resort to an

explicit model for the relationship between y and some auxiliary variables like Sarndal’s
approach.



Another decomposition of V(9. ) issimpler and probably more interesting. We
decompose V (9, ) into two parts: the sampling variance of the expected imputation value
and the sampling expectation of the donor selection variance:
V(y ) =V,|E, (9 ) +EV, (9 )
:Vl[]/z(yl +Y, )] +EV, [Zk[nr Wi (ykll kt ¥ Yi2 (1_ ' ))]

:Vl()_/- ) + El[J/4ZkEhr Wi (YEl + ysz)] . (6)
Again, however, we need amodel to estimate V,(y. ).

Kaufman (1996) took another approach to estimate V(¥. ). In Kaufman’s method, a

residual is defined for eadhCs:
if k Or

~, B0

& =Ha, -1y, -v,.) ifkOm
where j, is a missing item within missing itek's imputation cell andy, , -y, ) is the
difference between the two nearest neighbors (donorg). dflissing item j, is selected

independently fronk’s imputation cell with known selection probability, for example,
with selection probability proportional to design weighis Then the residual is

attached tay, to form another quantity , which is used for the purpose of variance
estimation:

V=9, +d" = ZszWk(yk +akR)-
The variance off contains variability from botty, anddR. It can be shown that
(Theorem 1 of the appendix)

v(\?) =V(§)+V(9 - §.)+ 2COV, (3. = 9,9) + EV, (&R).
HereV, (&R): E,VR(aR) +V, ER(&R). According to formula (4) above or theorem 3 of the
appendix, we have
v(5.)=v(¥)- Elvz(&R). )
Therefore, the variance df is the difference betweer(\?) and E,V, (6I R). Although the
estimator ofE,V, ((fl R) is often easy to find, the varianceYfis often hard to estimate,

unless it can be shown that the same variance estimatgrdan be used or an explicit
model can help. Like Sarndal’'s method, Kaufman’s method does not require multiple
imputation but the estimator fM(\?) may be hard to find and may need a model to assist
the variance estimation. In addition, Kaufman’s imputation method introduces a donor
selection variance component into the total variance, which in turn inflates the total

variance. Therefore, it is less efficient than Sarndal's method. Nevertheless, this method
leads to the same decomposition as formulae (4) and (3) (theorem 3 of the appendix).



2.3 Shao and Sitter's Method

Shao and Sitter (1996) proposed a bootstrap method for variance estimation of imputed
data. Although they only proved that this method produces consistent bootstrap
estimators for mean, ratio, or regression (deterministic or random) imputations under
stratified multistage sampling, they believe that in fact the proposed bootstrap is the only
method proposed thus far that works irrespective of the sampling design (single stage or
multistage, simple random sampling or stratified sampling), the imputation method
(random or nonrandom, proper or improper), or the type of estimator (smooth or
nonsmooth). The method is paraphrased as following:

1) Draw a simple random samp{gF:i = L...,n} with replacement from the original

imputed data seY, = { Y, kK OA; (respondents), 3, -k O A,, (nonrespondents)} .
2) Let Y :{yF:i DAE} and Y, :{yF:i DAEA} , where A7 and A, denote the set of

respondents and nonrespondents in the bootstrap sample. Apply the same imputation
procedure used in constructirng (using Y to imputeYy, ), and denote the

bootstrap analog of, by Y.
3) Obtain the bootstrap analdy = é(YF) of 8, =6(Y,), based on the imputed

bootstrap data sef,".
4) Repeat steps 1) - B)times. Apply Monte Carlo approximations to obtain bootstrap
variance estimators fa, :

v(é, ):: % é(@m - gu)2 ,

s oA
hereg"=B"'y  67.

Shao and Sitter's method does not require any model or explicit variance formulae. Once
the imputation procedure is programmed appropriately, Shao and Sitter’'s method is easy
to implement. However, sindimputations should be performed for each item,

extensive computation is required for large scale surveys. Maintaining the large amount
of imputed data can be operationally difficult.

3. An Empirical Study

We chose Shao and Sitter's method to assess the magnitude of imputation variance in the
SASS 1993-94 Public School Teacher Survey component based on the following
considerations: 1) bootstrap method is used in SASS 1993-94 for variance estimation; 2)
we do not have any reliable model on hand to allow us to perform Sarndal’s or

Kaufman’s method; 3) Kaufman’s method nearest neighbor imputation has donor
selection while the SASS 1993-94 imputation does not.



SASS 1993-94 Public School Teacher Survey data contains information on the 47,105
public school teachers who responded to the survey.

Four types of imputation methods are used in SASS 1993-94. They are (paraphrasing
from Abramson et al., 1996, page 80):

(1) using datafrom other items of the same unit on the questionnaire;

(2) extracting datafrom arelated component of SASS (for example, using datafrom a
school record to impute missing values on the questionnaire for the LEA that operates
the school);

(3) extracting data from the frame file (the information about the sample case from the
sampling frame: the Private School Survey or the Common Core of Data);

(4) extracting data from the record for a sample case with similar characteristics (“hot
deck ").

In this study, we investigated imputation method (4)—also called “stage 2 imputation.”
Methods (1), (2), and (3) are deductive imputation methods. In method (1), the imputed
values are from other observed items of the same unit and in method (3) the imputed
values are from the sampling frame file (PSS or CCD). For imputation method (2), the
LEA’s missing item is imputed through information from the sampled school which
belongs to that LEA. According to Abramson et al. (1996), this type of imputation was
performed only to the one-school LEAs. Therefore, the imputed values by methods (1),
(2), or (3) are independent of the sample and the sample design. Assume the simplest
response mechanism: respondents always respond and nonrespondents never respond.
Then if the population i§y1,y2, yN}, the imputed values can be assumed to be

{z.2,, ..., z,} . Here if y, is actually observed, then =y, , otherwisez, equals the
value imputed by any method of (1), (2), or (3). Lgt ZE':lyk be the population total

ofy, t, = ZL“lek be the population total af andt, = Y <Z/ 7 be the Horvitz-Thompson
estimator oft, (herer, is the inclusion probability of unit k). We have the following
decomposition

MSE(f,) =V (E,) +(t, -t,)".
The first partV (fz), can be estimated by treating the imputed values as observed values

while the second part is the bias of the imputation and assessing this bias is out of the
scope of this study. If there is reason to believe the imputation bias is small, then treating
the values imputed by any method of (1), (2), or (3) as observed values and using a
standard variance estimation formula will not underestimate the variance. Or, if we can
estimate the systematic bias caused by the imputation, the mean square error of the
underlying estimator can then be estimated.

For method (4), however, the imputed data can not be treated as observed values.
Actually every imputed value is a function of the sample, therefore the imputed values
cannot be represented as a set of fixed valu¢s as, ..., z,} .



SASS surveys are designed to produce reliable state estimates, and samples are selected
systematically without replacement with large sampling rates within strata. To reflect the
increase in precision due to large sampling rates, a without replacement bootstrap
variance estimator procedure has been implemented for the 1993-94 SASS. Instead of
drawing a simple random sample with replacement from the original sample, the
bootstrap is done systematically without replacement with probability proportiona to size
asthe original sampling was performed (Abramson et al., 1996).

In SASS 1993-94 components, 48 replicate weights were created to estimate variance
using the bootstrap method. These replicate weights were subjected to various
adjustments, including a sampling adjustment, a noninterview adjustment, and aratio
adjustment. In order to reflect these adjustments, these replicate weights should be used in
the variance estimation. To this end, we used the Shao and Sitter's method in the
following manner:

1) For each set of replicate weigHs, },_,, . (=1, 2, ..., 48), cases with, =0 are
dropped. Denote the remaining cases, which make up a bootstrap sub-sample, as
Y ={yi:kOAg.n:kOAy)} (i=1,2, ..., 48). This corresponds to Shao and Sitter's
step 1.

2) Apply the same imputation method as was used to create the full sample imputation
values and us{:yk:k DAR} to impute{niE:k DAMi} (i=1,2,...,48). This
corresponds to Shao and Sitter’s step 2. This re-imputed bootstrap sub-sample is
denoted as . That is

s ={yckOAz} O{n:kOA,}.

The missing values in the full sample are also imputed by using the nonmissing
values in the full sample. This set of imputed values is denoted as

$ = (Ve k DA} O{mik OA, }.
Thus, 48 sets of imputed bootstrap sub-samples and 1 set of imputed full sample are
obtained.
3) Calculate thed of interest froms , weighted by replicate Weigh{svik} (i = L...48),

and theé from full samples,, weighted by the full sample Weig{wk}. The
variance ofé is estimated by

o

Another difference between the variance estimator we used above and Shao-Sitter’s
estimator is that in our formula the deviation is around the full sample esémate

whereas in Shao-Sitter’s formula the deviation is around the average of the bootstrap
estimatest ”. The balanced repeated replication method (BRR) is implemented in
WesVar PC, but the bootstrap method is not. Abramson et al. (1996) suggests that with
any BRR software package, the BRR option should be specified for 1993-94 SASS data
analysis. The formulae used in WesVar PC for the BRR option is the formula we used
above. In general,

36

i=1
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here 8- =B"Y .6 .Notice E(6"°-8) =E,E . Here E, iswith respect to

sample design, E; iswith respect to bootstrap subsampling, and typically EB(§ D) =6.
Therefore E, (5 0- é)z =Varg (§ D) . An unbiased estimator of Var, (5 D) is

\73(55) 11 Zb l(HEb 9).Therefore

BB-1
5 2\ 1 018 (5m
I5v(a-6 :@H 6® -5 .
Bgl( ) B-1 Bbzl( )
When B islarge the bias in variance estimation is small and can be easily corrected by
factor (B-1)/B. In our study, we compare standard error estimates instead of variance

estimates and B = 48, so the adjustment factor is ,/47/48 = 0.99. We do not apply this

adjustment because it is closeto 1. In addition, we use the same formulato calculate both
the standard error estimates cooperating imputation variance and the standard error
estimates without cooperating imputation variance. And the ratio of these two types of
standard error estimatesis used as the measurement of the difference. Therefore, the
adjustment factor has no effect on thisratio.

The variables used for this study include 6 categorical variables and 7 continuous
variables. Their stage 2 imputation—method (4), rates range from 2 percent to 25 percent
(see table 1).

During stage 2 imputation, method (4), a hot deck method, was used to fill items that had
missing values. The procedure started with the specification of imputation classes defined
by certain relevant variables (matching variables). Then the records were sorted by
STGROUP (Groups of states with similar schools) / STATE / TEALEVEL (Instructional
level for teacher) / GRADELEV (Grade levels taught this year) / URB (Type of

community where school located) / TEAFIELD (Teaching assignment field) /

ENROLMNT (Number of students enrolled in the school). The records were then treated
sequentially. A nonmissingvariable was used as a starting point for the process. If a
record had a response for tagariable, that value replaced the value previously stored

for its imputation class. If the record had a missing response, it was assigned the value
currently stored for its imputation class. If there was no donor in the class, the class was
collapsed with another class. The matching variables and collapse order are listed in table
7 and table 8.

Most of the variables used for sorting or matching the records are not included in the data
file; they had to be reconstructed by using other variables in the data file. This caused a
discrepancy between the data imputed for this study and the original imputed data in the
file. To prevent confounding the imputation difference with imputation variance, we
imputed the full sample with our sorting and matching variables and denote this imputed
full sample ass,. This is the sample used in the variance estimation (see imputation

procedure step 3 above).
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From Table 2 to Table 6, we compare standard errors which do not take the imputation
variance into account (ste(é)) with the standard errors incorporated with imputation

variance ( ste, (é)). It isimportant to emphasize that both ste, (é) and ste(é) are estimates

of standard errorsinstead of true standard errors and therefore both of them are dso
subjected to sampling errors.

Table 2 compares standard errors for the total estimator of continuous variables. The
output shows the imputation does not inflate the variance for the total very much. For
variable T0985, the standard error increases only 7 percent even though the imputation
rate is as high as 27 percent.

Table 3 compares standard errors for the average per person estimators of continuous
variables. The underlying estimator is actually a nonlinear estimator. When the
imputation rate is high, inflation to the variance can be very high, too. For example,

variable T0985 now shows ste, (9) is 41 percent higher than ste(é) . Soif the imputed
data are treated as true values, the underestimation can be severe.

Table 4 compares standard errors for the total estimator of categorical variables. Here the
total estimates are estimated total counts in each category. Notice the inflation in variance
Islarger than the total estimators of continuous variables. This might be due to the fact
that the sample sizes of the categorical variables are smaller (there is more legitimate
skipping for these items). It also shows that when imputation rates get higher, the increase
in standard errors also gets larger although the increase is not exactly linear. Now variable
T0040 shows the biggest difference: 2.04.

Table 5 compares standard errors for the percentage estimators of discrete variables. Here
the percentage is the estimated percent of unitsin each category. The underlying
estimators are nonlinear estimators. The results are quite similar to those in table 4.

Table 6 compares standard errors for the ratio estimators of continuous variables.

Variable BASIC is the ratio of teacher’s basic salary to teacher’s total income. Variable
INSCH is the ratio of teacher’s total income at school to teacher’s total income.
OUTSCH is the ratio of teacher’s total income from outside of school to teacher’s total
income. ADITION is teacher’s other income from school (total income inside school
minus base salary) to teacher’s total income. IN_OUT is teacher’s total income inside
school to teacher’s total income outside school. Although some variables used for the
ratios have high imputation rates (T1440, for example, has a 21.3% imputation rate) the
increase in standard errors are very small. Again, for continuous variables, we observed
smaller inflation in standard error.
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4. Summary and Suggestion

The techniques developed so far for the variance estimation of imputed data are not yet
easy to implement or operationally convenient. Shao and Sitter’'s method is appealing but
requires repeated imputations, so for large scale surveys the data files become too large.

However, our empirical study shows that using the hot deck imputation method in the
1993-94 SASS can seriously affect the standard error.

But notice that the majority of items have very low stage 2 (hot deck) imputation rates.
For the SASS 1993-94 Public School Teacher component, only 11 out of 249 items had
stage 2 imputation rates above 10 percent (see Gruber, Rohr, and Fondelier, 1996, figure
VIII- 24, pp. 231-235). We used six of those items for this study. And, when the
imputation rate is low, the inflation in variance is not severe, especially for continuous
type variables. We believe it is feasible for NCES to compute the imputation inflation for
the total and ratio estimators for the few items that have high imputation rates and
document the problem with next user’'s manual. This will alert secondary users to the
possible magnitude of the imputation variance.
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Table 1: Variables used in this study

Stage 2 imputation

Name L abel rate (%) Type
T0030 2 Full/Part-time teacher at this school 11.8 5 Categories
T0035 3A Have other assignment at this sch 9.8 Dichotomous
T0040 3B What is other assignment at this sch 24.0 6 Categories
T0140 11D Consecutive yrs teaching since break 52 Continuous
T0435 28A Any mathematics courses taken 5.7 Dichotomous
T0645 32B Programs changed views on teaching 2.0 5 Categories
T0860 40B(4) Number of studentsin the class 13.6 Continuous
T0985 41C Number of separate classes taught 27.0 Continuous
T1420 53B(1) Academic yr base tchng salary 8.3 Continuous
T1430 53B(2) Additional compensation earned 4.0 Continuous
T1440 53B(3) Earning from job outside sch sys 21.3 Continuous
T1455 53B(5) Income earned from other source 59 Continuous
T1520 55 Total income of all HHD family member 25.0 12 Categories

Source: Abramson et al. (1996).

Table 2: Standard error comparison for total estimates of continuous variables

Stage 2
Name ITgtL:at?’Zc)m Estimate Ste(g) ste, (9) ste, (9)/ Ste(e)
T0140 5.2 8985367 154697 153875 0.99
T0860 13.6 24958128 411554 417361 1.01
T0985 27.0 2107888 72049 77165 1.07
T1420 8.3 86349560396 805679800 808307241 1.00
T1430 4.0 1865774738 36016613 37220591 1.03
T1440 21.3 2179435663 87253029 89579851 1.03
T1455 5.9 588847739 20784683 20928990 101

Table 3: Standard error comparison for average estimates of continuous variables

Stage 2
imputation . ste(é) st (é) ste (é)/ste(é)

Name rate (%) Estimate*

T0140 5.2 11.01 0.085 0.082 0.96
T0860 13.6 22.79 0.077 0.085 1.10
T0985 27.0 12.79 0.157 0.222 141
T1420 8.3 33713.26 88.146 89.404 1.01
T1430 4.0 2093.88 28.232 29.667 1.05
T1440 21.3 4384.44 161.861 170.351 1.05
T1455 5.9 1676.05 48.636 50.182 1.03

* These estimates are average per teacher.
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Table4: Standard error comparison for total estimates of discrete variables

Stage 2
Name Irpgttét?)t/:gn Categories Estimate Ste(e) ste, (6) ste, (9)/Ste(9)
TO030 11.8
1 12994 1662 1835 1.10
2 31489 2190 2502 1.14
3 97607 3719 4156 1.12
4 52767 2583 2871 1.11
5 36706 1993 2748 1.38
TO0035 9.8
1 54006 1969 2130 1.08
2 166845 4162 4161 1.00
T0040 24.0
1 9613 1210 1739 1.44
2 11737 864 1760 2.04
3 5093 803 1015 1.26
4 12311 849 1465 1.73
5 26962 1844 2335 1.27
6 5543 715 1158 1.62
T0435 57
1 2001004 17316 17157 0.99
2 560289 8838 8807 1.00
T0645 2.0
1 122310 4354 4298 0.99
2 822249 10566 10638 1.01
3 498908 8204 8187 1.00
4 711355 10300 10452 1.01
5 103472 3174 3105 0.98
T1520 25.0
1 173 57 82 1.45
2 863 185 301 1.63
3 8850 698 723 1.03
4 72952 2592 3045 1.18
5 123771 4036 4804 1.19
6 154036 3771 4152 1.10
7 174850 4497 5301 1.18
8 404821 6425 7594 1.18
9 434259 8408 9091 1.08
10 523142 8156 10362 1.27
11 438739 8604 9664 1.12
12 224836 5327 6480 1.22
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Table5: Standard error comparison for percentage estimates of discrete variables

Stage 2
Name Irpgttét?)t/:gn Categories ESEL;:)ate Ste(e) ste, (6) ste, (6) /ste(@)
TO030 11.8
1 5.61 0.691 0.763 1.10
2 13.60 0.838 0.991 1.18
3 42.15 1.383 1.645 1.19
4 22.79 1.019 1.150 113
5 15.85 0.882 1.195 1.35
TO0035 9.8
1 24.45 0.775 0.842 1.09
2 75.55 0.775 0.842 1.09
T0040 24.0
1 13.49 1.549 2.392 1.54
2 16.47 1.169 2.443 2.09
3 7.15 1.098 1411 1.29
4 17.28 1.227 2.038 1.66
5 37.84 1.861 2.835 152
6 7.78 0.912 1.562 1.71
T0435 57
1 78.12 0.284 0.279 0.98
2 21.88 0.284 0.279 0.98
T0645 2.0
1 5.42 0.191 0.188 0.98
2 36.41 0.359 0.364 1.01
3 22.09 0.283 0.291 1.03
4 31.50 0.339 0.341 1.01
5 4.58 0.136 0.132 0.97
T1520 25.0
1 0.01 0.002 0.003 1.60
2 0.03 0.007 0.012 1.68
3 0.35 0.027 0.028 1.04
4 2.85 0.099 0.114 1.15
5 4.83 0.145 0.176 1.22
6 6.01 0.133 0.149 112
7 6.83 0.172 0.199 1.16
8 15.81 0.215 0.280 1.30
9 16.95 0.291 0.332 1.14
10 20.42 0.292 0.368 1.26
11 17.13 0.293 0.349 1.19
12 8.78 0.204 0.248 121
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Table6: Standard error comparison for ratio estimates of continuous variables

Basic = T1420/(T1420 + T1430 + T1440 + T1455)

Insch = (T1420 + T1430)/(T1420 + T1430 + T1440 + T1455)
Outsch=T1440/(T1420 + T1430 + T1440 + T1455)
Addition=T1430/(T 1420 + T1430 + T1440 + T1455)
In_out=(T1420 + T1430)/(T 1440 + T1455)

Stage 2 | s¢d) se, (6) ste (6)/se(d)
Name I mputation rate (%) Estimate
Basic - 0.94907 0.000966 0.000977 1.01
Insch - 0.96957 0.000909 0.000938 1.03
Outsch - 0.02395 0.0008819 0.0009020 1.02
Addition -- 0.02051 0.0003578 0.0003757 1.05
In_out - 31.87 0.9823 1.010 1.03

Table 7: Public School Teacher (SASS-4A) matching variables

Items

Matching variables

T0030, TOO035, TO040
T0140

T0435, T0645

T0860

T0985

T1420, T1430,T1440, T1455
T1520

STGROUP, STATE, TEALEVEL, URB, ENR

STGROUP, STATE, TEALEVEL, AGE, HIGHDEG

STGROUP, STATE, TEALEVEL, HIGHDEG, TEAEXPER
STGROUP, TEALEVEL

STGROUP, STATE, TEALEVEL, FULPTIME, TEAEXPER
STGROUP, STATE, TEALEVEL, URB, HIGHDEG, TEAEXPER
STGROUP, STATE, TEALEVEL, URB, HIGHDEG, TEAEXPER

Source: Gruber, Rohr, and Fondelier (1996), figure V111-28.

Table 8: Public School Teacher (SASS-4A) order of collapse

Items Order of collapse

T0030, TO035, TO040 ENR, URB, STATE

T0140 HIGHDEG, AGE, STATE

T0435, T0645 TEAEXPER, HIGHDEG, STATE
T0860 TEALEVEL

T0985 TEAEXPER, FULPTIME, STATE

T1420, T1430,T1440, T1455
T1520

TEAEXPER, HIGHDEG, STATE
TEAEXPER, HIGHDEG, TEALEVEL

Source: Gruber et a. (1996), figure VI11-28.
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Appendix

This appendix presents results we derived for Kaufman’s method. In Kaufman’s method,
a residual is defined for eads:
if kOr

ar=g"
k QZI . —1)(yjk2 - yikl) if k Onr
where j, is a missing item within missing itek's imputation cell andy, , -y, ) is the
difference between the two nearest neighbors (donorg). dflissing item j, is selected

independently fronk’s imputation cell with known selection probability; for example,
with selection probability proportional to design weighis Then the residual is

attached tay, to form another quantity used for the purpose of variance estimation:
V=9, +d" = ZszWk(yk +akR)-
The variance off contains variability from botty, andd®.

Lemmal Lety, =Y, w7, andy. =1/2(9, +9,). Here§, =3, . WV + 3 o Wi Via -
V2= 3 1 WYk + 3 o Wi Vi » @NA E, is with respect to the imputation selection and the
residual selection. Theg, (§.)=y. .

Proof: Ez(y-): EZ(Zszkak)z D WYk Y o Wi Ez[Ykll k¥ Ykz(l_ Ik)]
= Zk:r WicYi + ZKEhr Wi (0-5Yk1 + O-5Yk2) = ]/2(91 + 92)
= y' .

Lemma2. LetY=y, +d®. Hered®" =y, wd; and
~ 0o if k Or
dl = .
k %ZIk —1)(yjk2 - yjkl) if k Onr.
Then Ez(\?): y. .
Proof: SinceEz(\?)z E,(9.)+ EZ(&R), we only need to show, (&R)z 0.
Actually
EZ(dR)z > ko Wi EZ[(Z' (Y2 - yjkl)] =0.

Combine Lemma 1 and Lemma 2: we can Egé?): E, (9)

Lemma 3. VlEz(\?):Vl(y, = 9)+V,(§) +2COV, (. - §.9). HereV, is with respect to the

sample design and the nonresponse mechanism.

Proof: VlEz(\?) =V,E,(9.) Lemma 2
=V,(v.) Lemma 1
:Vl()_/- -y+ 9)
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:Vl()_/- - )7) +V1(9) + ZCOVl(y, -9, 9)

Lemma4. y. and d® are uncorrelated with respect to imputation selection and residual
selection; that is, V. (y +d ) (y )+V, (d )

Proof: Notice that

V2(9,+(§R)=E, (9 +dR)+VE (9 +dR ) EV( +V[E +ER(6R)]

=EVa(d") U [s. + (0]
=E, R(aR)+VI (y.)+V| ER(d )+ 2C0V, ()7 ’ ER(aR))
and
Vz(fl.)+V2(aR): E|VR(9-)+VI ER(y_)+ ElvR(ciR)+VI ER(aR)
=V, (9. )+ ElvR(&R)+V. ER(aR)
Therefore, we only need to show 2COV, (9.,E ( )) 0. Notice

covl(y,,ER(aR)): El[y,ER(&R)] E, (9. )E: Ex(d").
and
Ea(d7)= 3 W Er(A8) = e W@k ~DER(Ys2 = ¥12) = F o Wi (21 ~ D1l

Here 4 = Eq(y;,2 — ¥;,1) - Also notice
E, [)7 ER(aR)] =E, {[ZKD Wi Yie D s W (ykll k¥ Ykz(l_ Ik))] [th Wh, (2| h _1),UhR]}
E, [ZKD th kakWh(ZIh _1)/Jr? + ka th Wk(ykll et Ykz(l_ Ik))Wh(ZIh _1)/Jr?]

=0+ ZkEhr thWkWh:ui?[yklEl (2| khn — Ik)+ Y2 E (1— Ik)(2|h —1)]
:0’

and

EE ( ) [Zk[nr ‘1),U|<R]:0;

therefore,

cov, (9, , ER(élR)):o.

Lemma5. V(9)+V(9-9.)=V,(9)+Vi(§ - ¥.) + E\V,(9.). Here subscript 1iswith
respect to the sampling design and nonresponse mechanism, subscript 2 iswith respect to
the imputation selection and the residual selection. No subscript is with respect to all
variance components.
Proof: V() =V,E, (¥)+ E\V,(9)=V4(9).
V(y - V. ) :VlEZ(y_ 9)"‘ E1V2(y_ )7)
=V,(§-7.)+ EV,(9.) Lemmal
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Theorem 1. V(¥)=V(5) +V( - 9.) + 2C0V,(3. - 9,9) + EN,(d7)

Proof: V(¥)=V,E,(¥)+Ev,(Y)
=V, (3. = 9)+ Vi (9) + 2COV, (. - 9,9) + Elvz(y +d%) Lemma 3
=V (7. = §) +V,(9)+2C0OV, (7. - 9.9) + ENV, (9. ) + EV, (a R) Lemma 4
=V(3. = §)+V(5) + 200V,(7. - ,9) + EN,(d") Lemma5

Theorem 2. v(\?)zv(y,)+ Elvz(éR).

Proof: V(¥)=V,E,(¥)+EV,(Y

=V,E, (9. )+ EV, (9. )+ EV, (&R) Lemmal, 2, and 4

=V(9.)+ Elvz(dR).

Theorem 3. V(¥.)=V(§)+V(y-¥.)+2COV,(7. - ¥.9)
Proof follows directly from theorem 1 and theorem 2.

Theresult in theorem 3 is actually the same as formula (4) of section 2.2, asit should be.
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Survey (NHES:93)

Unit and Item Response, Weighting, and Imputation
Procedures in the 1995 National Household Education
Survey (NHES:95)

The Determinants of Per-Pupil Expendituresin
Private Elementary and Secondary Schools: An
Exploratory Analysis

Design, Data Collection, Interview Timing, and Data
Editing in the 1995 Nationa Household Education
Survey

Contact

Mary Rollefson

Kathryn Chandler

Kathryn Chandler

Dan Kasprzyk

Kathryn Chandler

Kathryn Chandler

Kathryn Chandler

Kathryn Chandler

Kathryn Chandler

Stephen

Broughman

Kathryn Chandler
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Status of Data on Crime and Violence in Schools:
Final Report

Report of Cognitive Research on the Public and
Private School Teacher Questionnaires for the Schools
and Staffing Survey 1993-94 School Y ear

International Comparisons of Inservice Professional
Development

Measuring School Reform: Recommendations for
Future SASS Data Collection

Improving Data Quality in NCES: Database-to-Report
Process

Optimal Choice of Periodicities for the Schools and
Staffing Survey: Modeling and Analysis

Customer Service Survey: Common Core of Data
Coordinators

International Education Expenditure Comparability
Study: Final Report, Volume

International Education Expenditure Comparability
Study: Fina Report, Volume Il, Quantitative Analysis
of Expenditure Comparability

Improving the Mail Return Rates of SASS Surveys: A
Review of the Literature

National Household Education Survey of 1995: Adult
Education Course Coding Manual

National Household Education Survey of 1995: Adult

Education Course Code Merge Files User’s Guide

Contact

Lee Hoffman

Dan Kasprzyk

Dan Kasprzyk

Mary Rollefson

Susan Ahmed

Steven Kaufman

Lee Hoffman

Shelley Burns

Shelley Burns

Steven Kaufman

Peter Stowe

Peter Stowe

Statistics for Policymakers or Everything You Want8dsan Ahmed

to Know About Statistics But Thought You Could
Never Understand

Collection of Private School Finance Data:
Development of a Questionnaire

Stephen
Broughman



Listing of NCES Working Papersto Date--Continued

Number Title Contact

97-23 (July) Further Cognitive Research on the Schools and Dan Kasprzyk
Staffing Survey (SASS) Teacher Listing Form

97-24 (Aug.)  Formulating a Design for the ECLS: A Review of Jerry West
Longitudinal Studies

97-25 (Aug.) 1996 National Household Education Survey Kathryn Chandler

(NHES:96) Questionnaires: Screener/Household and
Library, Parent and Family Involvement in Education
and Civic Involvement, Y outh Civic Involvement, and
Adult Civic Involvement

97-26 (Oct.) Strategies for Improving Accuracy of Postsecondary Linda Zimbler

Faculty Lists

97-27 (Oct.) Pilot Test of IPEDS Finance Survey Peter Stowe

97-28 (Oct.) Comparison of Estimates in the 1996 National Kathryn Chandler
Household Education Survey

97-29 (Oct.) Can State Assessment Data be Used to Reduce State Steven Gorman
NAEP Sample Sizes?

97-30 (Oct.)  ACT’'s NAEP Redesign Project: Assessment DesignSgeven Gorman
the Key to Useful and Stable Assessment Results

97-31 (Oct.) NAEP Reconfigured: An Integrated Redesign of theSteven Gorman
National Assessment of Educational Progress

97-32 (Oct.) Innovative Solutions to Intractable Large Scale Steven Gorman
Assessment (Problem 2: Background Questionnaires)

97-33 (Oct.)  Adult Literacy: An International Perspective Marilyn Binkley

97-34 (Oct.) Comparison of Estimates from the 1993 National Kathryn Chandler
Household Education Survey

97-35 (Oct.) Design, Data Collection, Interview Administration Kathryn Chandler
Time, and Data Editing in the 1996 National
Household Education Survey

97-36 (Oct.) Measuring the Quality of Program Environments in Jerry West
Head Start and Other Early Childhood Programs: A
Review and Recommendations for Future Research
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Optimal Rating Procedures and Methodology for
NAEP Open-ended Items

Reinterview Results for the Parent and Y outh
Components of the 1996 National Household
Education Survey

Undercoverage Bias in Estimates of Characteristics of
Households and Adults in the 1996 National
Household Education Survey

Unit and Item Response Rates, Weighting, and
Imputation Procedures in the 1996 National
Household Education Survey

Selected Papers on the Schools and Staffing Survey:
Papers Presented at the 1997 Meeting of the American
Statistical Association

Improving the Measurement of Staffing Resources at
the School Level: The Development of
Recommendations for NCES for the Schools and
Staffing Survey (SASS)

Measuring Inflation in Public School Costs

Development of a SASS 1993-94 School-Level
Student Achievement Subfile: Using State
Assessments and State NAEP, Feasibility Study

Collection of Public School Expenditure Data:
Development of a Questionnaire

Response Variance in the 1993-94 Schools and
Staffing Survey: A Reinterview Report

Adult Education in the 1990s: A Report on the 1991
National Household Education Survey

Geographic Variations in Public Schools’ Costs

Contact

Steven Gorman

Kathryn Chandler

Kathryn Chandler

Kathryn Chandler

Steve Kaufman

Mary Rollefson

William J. Fowler,
Jr.

Michael Ross

Stephen
Broughman

Steven Kaufman

Peter Stowe

William J. Fowler,
Jr.
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98-05 (Mar.)  SASS Documentation: 1993-94 SASS Student Steven Kaufman
Sampling Problems; Solutions for Determining the
Numerators for the SASS Private School (3B)
Second-Stage Factors

98-06 (May)  National Education Longitudinal Study of 1988 Ralph Lee
(NELS:88) Base Y ear through Second Follow-Up:
Final Methodology Report

98-07 (May)  Decennial Census School District Project Planning Ta Phan
Report

98-08 (July) The Redesign of the Schools and Staffing Survey for Dan Kasprzyk
1999-2000: A Position Paper

98-09 (Aug.)  High School Curriculum Structure: Effects on Jeffrey Owings
Coursetaking and Achievement in Mathematics for
High School Graduates—An Examination of Data
from the National Education Longitudinal Study of
1988

98-10 (Aug.)  Adult Education Participation Decisions and BarrierBeter Stowe
Review of Conceptual Frameworks and Empirical
Studies

98-11 (Aug.) Beginning Postsecondary Students Longitudinal Stdédyrora D’Amico
First Follow-up (BPS:96-98) Field Test Report

98-12 (Oct.) A Bootstrap Variance Estimator for Systematic PPSSteven Kaufman
Sampling

98-13 (Oct.) Response Variance in the 1994-95 Teacher Follow&tpven Kaufman
Survey

98-14 (Oct.)  Variance Estimation of Imputed Survey Data Steven Kaufman



