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INTRODUCTION

This report contains the findings of research conducted under a Joint Statistical
Agreement between the Bureau of the Census and the Survey Research Center,
University of Michigan, entitled "The Treatment of Person-Wave Nonresponse in
Longitudinal Surveys”. In longitudinal, or panel, surveys missing data can arise in three
ways. unit nonresponse, when no data are collected for a sampled unit; item
nonresponse, when a unit takes part in the survey but fails to provide acceptable
answers to one or more of the items on the questionnaire; and wave nonresponse,
when a unit provides data for some but not all waves of data collection. The choices
of compensation procedure for missing data caused by unit and item nonresponse are
generally straightforward; as a rule, weighting adjustments are used to compensate for
unit nonresponse and imputation is used for item nonresponse. The choice of
procedure to compensate for wave nonresponse is, however, less clear. It is this
choice that is the subject of this report.

Viewed from a longitudinal perspective, wave nonresponse may be considered to
be a set of item nonresponses in the longitudinal record, suggesting that impﬁtation may
be the appropriate compensation strategy. Viewed from a cross—sectional perspective,
however, it may be considered to be unit nonresponse for which a weighting
adjustment is appropriate. These two alternative strategies for handling wave
nonresponse are examined in the following chapters.

The main focus of this research is on the choice of an appropriate compensation
procedure for handling wave nonfesponse at the person level in a longitudinal file
created from the first three waves of a pane! of the Survey of Income and Program
Participation. At the outset of the research, data for the first three waves of the first
SIPP Panel (the 1984 Panel) were not available. In consequence, the iﬁitial empirical
investigations were performed using the 1979 Incc;_me Survey Development Program
(lSle) Reseérch Panel; a large—scale panel survey that was conducfed as part of the

development of the SIPP. Subsequently, when cross—sectional data files for the first




but may lead to distortions in the relationships between variables. The development of
an effective imputation procedure for wave nonresponse is a major undertaking,
whereas by contrast, the development of a weighting adjustment procedure is
straightforward.

Given the pattern of wave nonresponse experienced in the first three waves of
the 1984 SIPP Panel, the general conclusion here is that the weighting adjustment
solution is preferable for the three wave file. In this file the loss of data associated
with the weighting solution is not great, and it seems preferable to accept that loss
rather than employ imputation with the consequent risks of distortions to covariances.
However, this conclusion applies only to the three wave file. With files containing more
waves of data, the loss of data associated with the simple single weighting adjustment

solution for wave nonresponse will be greater, and it may therefore be preferable to

employ imputation for at least some of the patterns of wave nonresponse.




three waves of the 1984 SIPP Panel became available, these files were merged; and the

empirical investigations were conducted with this merged file.

This report is a collection of five papers resulting from the research. The paper
by Kalton, Lepkowski and Lin reproduced as Chapter 1 reports the results of
investigations of wave nonresponse in the 1979 ISDP Research Panel, and provides an
initial discussion of the alternative compensation strategies of weighting adjustments
and imputation. Chapter 2, by Kalton, presents a general discussion of the issues
involved in choosing between weighting adjustments and imputation for handling wave
nonresponse. In Chapter 3, Kalton and Miller present the results of a simulation study
conducted with the first three waves of the 1984 SIPP.PaneI to examine the effects of
compensating for the wave nonrespondents by weighting adjustments or by a simple
"carry-over” imputation procedure. In most panel surveys, many of the same items are
repeated on each wave, and when the responses to such items are stable over time, a
simple and fairly effective imputation procedure for wave nonresponse is just to
impute the responses from the preceding wave. This is the “carry—over" or "direct
substitution” imputation procedure. This procedure may also be employed for itém
nonresponses, and may produce much better imputations than are obtained from a
standard item imputation procedure applied within a wave. In Chapter 4, Heeringa and
Lepkowski compare carry-over and cross—sectional hot—deck imputations for item
nonresponses to some wage and salary items in the first three waves of the 1984 SIPP
Panel. The final paper, Chapter 5 by Lepkowski, provides a general review of issues
involved in compensating for wave nonresponse in panel surveys.

As discussed in the report, a number of considerations are involved in making the
choice between weighting adjustments and imputation for handling wave nonresponse.
If weighting adjustments are used, it is attractive on the gréunds of simpiicity to employ
a single set of vy_eights to compensate for all patterns of wave nonre;sponse. However,
thiskleads to discarding much of the data provided by the wave nonrespondents. On the

other hand, the imputation solution has the attraction of retaining all the data collected,




CHAPTER 1
COMPENSATING FOR WAVE NONRESPONSE IN THE 1979 ISDP RESEARCH PANEL!
Graham Kalton, James Lepkowski, Ting-Kwong Lin
1. Introduction |
The choice between weighting adjustments and imputation for handling missing survey
data is generally straightforward: as a rule, weighting adjustments are used for total
nonresponse and imputation is used for item nonresponses. There are, however,
several situations where the choice is debatable. In general, these are situations of what
might be termed partial nonresponse, where some data are collected for a sampled unit
but a substantial amount of the data 1s missing. These situations include cases where
the respondent terminates the interview prematurely, where data are not obtained for
one or more members of an otherwise cooperating household (for household level
analysis), and where an individual provides data for some but not all waves of a panel
survey.

If weighting is used for partial nonresponse, the available responses for that unit
may be .émployed in the determination of the weights, but the unit itself is discarded,
resulting in a loss of data. On the other hand, if imputafion is used, a sizeable number
of responses for a partially nonresponding unit will need to be imputed, giving rise to
concerns about the fabrication of much of the data and the effect of this fabrication on
the relationships between variables. This paper examines the choice between weighting
and imputation for handling the partial nonresponse that occurs when a respondent fails
to provide data on one or more waves of a panel survey. Kalton (1985) provides
further discussion of the issues involved in choosing between weighting and imputation
to handle wave nonresponse, and Cox and Cohen (1985) report the resuits of an

experimental investigation of these alternatives in the National Medical Care Expenditure

Survey. -

From Proceedings of the Section on Survey Research Methods, American Statistical
Assaciation, 1985, 372-377.
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Table 1

Person Response/Nonresponse in the First Three Waves of the 1979
I1SDP Research Panel (Excluding Total Nonrespondents)

Response (1)
Pattern Nonresponse (0) %

1 11 80.2

2 110 7.2

3 101 23

4 011 22

5 100 6.7

6 010 0.6

7 001 0.9
Total 100.0

Number of persons 20.676

nonresponse. One results from the fact that there is a great deal more information
available about partial nonrespondents than about total nonrespondents. Often only a
limited amount of auxiliary information is available for total nonrespondents (such as the
PSUs and strata in which they are located), whereas for partial nonrespondents there is
also the information provided by their responses to the questions they have answered.
The complication raised by these extra data is how they should be taken into account in
determining the weighting adjustments for partial nonrespondents.

The second complication arises from the fact that surveys are subject to many
different forms of analyses. Some partial nonrespondents will have provided all the
data needed for certain analyses, and hence can be included in them, but they will not
have provided all the data needed for some other analyses. If all those providing the
requisite data for a particular analysis are included in that analysis, different analyses will
be based on different subsets of the sample. This raises the complication that different
sets of weights are needed according to what subset of the sample is included in a
particular analysis. These two co;nplications are discussed'in turn subsequently in

relation to handling wave nonresponse by weighting adjustments.




The ijective of this study is to provide evidence on the choice between
weighting and imputation for handling wave nonresponse in the Survey of income and
Program Participation (SIPP). The SIPP is a panel survey in which households are
interviewed every four months over a period of about two—and—-a-half years (Herriot
and Kasprzyk, 1984). One major product of the SIPP will be an annual file combining
three waves of data, and the focus of the present study is on this annual file. Since a
longitudinal file for the first three waves of the first SIPP panel is not yet available, the
empirical investigation reported here is based on the first three waves of the 1979
Income Survey Development Program (ISDP) Research Panel, a large—scale panel survey
that was conducted as part of th.e development of the SIPP. All the results reported
here relate only to original sample persons aged 16 and over in the area frame part of
the 19?9 Research Panel sample; persons sampled from the special list frames and
persons joining the panel after the first wave are excluded from all the analyses.

In a three—wave panel there are eight different patterns of response/nonresponse
for the sampled units. Denoting 1 as response and O as nonresponse, one of these
patterns is 000, representing the nonrespondents to all three waves. The form of
adjustment for these total nonrespondents is unproblematic, namely a weighting
adjustment, and hence they will not be considered further here. The distribution for the
other seven patterns for the 1979 Research Panel is given in Table 1.

The first pattern in Table 1 represents those who responded on all three waves
of the panel, whereas the other six patterns represent those who failed to respond on
one or two of the waves. The issue under study is whether weighting or imputation
should be used to handle each of these six patterns. The next section of the paper
discusses how weighting adjustments might be applied, and the following one discusses
the use of imputation. The final section presents some concluding remarks.

2. Weighting Adjustments for Wave Nonresponse
Tﬁe use of weighting adjustments for partial nonresponse presents two additional

complications beyond those that apply with weighting adjustments for total




FIGURE 1.

SEARCH ANALYSIS FOR WAVE 2 RESPONSE STATUS
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As an illustration of the first complication, consider the simple case of
compensating for the second wave nonrespondents in the 1979 Research Panel. The
auxiliary variables available for these partial nonrespondents are the design variables
(PSUs and strata, etc.) and their wave 1 responses. The aim is to discover which, if any,
of these variables are associated with response status at wave 2, and then to develop
weights to compensate for differential wave 2 response rates in different parts of the
sample. With the large number of wave 1 response variables, the first step in the
analysis is to reduce those to be investigated in detail to a manageable number. This
was done by examining the bivariate associations of each of the auxiliary variables in
turn with the wave 2 response status variable. All but a few of the auxiliary variables
were found to have virtually no association with wave 2 Fesponse status, and these
variables were therefore excluded from the further analyses.

The next step was to employ the remaining auxiliary variables as joint predictors
of wave 2 response status using SEARCH analyses (Sonquist, Baker, and Morgan, 1973)
and logistic regressions. Figure 1 presents the results of a SEARCH analysis, one which
explains 2.3 per cent of the variation in the wave 2 response status variable.
Examination of this tree diagram shows that 88 per cent of the sample falls in cells with
response rates between 87. and 92 per cent, and that 98 per cent falls in cells with
response rates between 83 and 92 per cent Only three small cells have distinctly
lower response rates. In terms of weighting adjustments, giving the cell with the 92
per cent response rate a weight of 1, the weights for 88 per cent of the sample would
be between 1 and 1.06 and for 98 per cent would be between 1 and 1.11. The use of
these weights, with their slight variation, would be unlikely to have any appreciable
effects on analyses of the data

As an alternative to the SEARCH analysis, logistic regre;ssion analyses with wave 2
response ;tatus as the dependent variable were also-conducted. For one of these

regressions, the independent variables from wave 1 were the reason for proxy

interview (1), the recipiency of interest income (2), the amount of personal earnings in
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month 2 (3), the relationship to the reference person (4), the type of family (5), marital
status (6), and the two-factor interactions (1,2), (1,3), (1,4), (1,6), (4,5) and (5,6).
Following Little and David (1983), the weights for wave 2 respondents were then set to
be the inverses of their individual predicted means from this regression. Figure 2
shows the resuiting distribution of weights. This distribution has a similar spread to that
obtained from the SEARCH analysis, but in this case there are a few outliers. In
practice, these outliers would probably be trimmed back to avoid the increase in
sampling error associated with relatively large weights.

The results of the above analyses are fairly reassuring about the nature of wave 2
nonresponse. Comparisons of wave 2 respondents and nonrespondents show that the
two groups are generally very similar in terms of their wave 1 responses. The
differences that have been identified are not major ones, and weighting adjustments can
be employed to compensate for them. Since the variation in these weights is not great,
their use will not result in much loss of precision in the survey estimates. The weights
from the SEARCH analysis, for example, would be likely to lead to an increase of less
than 1/2 per cent in the variance of the survey estimates.

The second complication noted above concerns the need to employ different sets
of weights for different types of analyses in the presence of partial nonresponse. For
instance, considering the patterns of wave nonresponse in Table 1, it can be seen that
patterns 1, 2, 3 and 5 provide data for cross—sectional analyses of wave 1, patterns 1,
2, 4 and 6 provide data for cross-sectional analyses of wave 2, patterns 1 and 2
provide data for analyses of changes between waves 1 and 2, and only pattern 1
provides data for forming aggregates across all three waves (e.g., income over the
period). For any particular analysis, the respondents in the patterns that provide the
requisite data need to be weighted up to represent the other patterns: There are
potentially seven combinations of waves that could'.be used for different forms of
Qnélysis,‘th;:s implying the need for seven different sets of weights. With more waves

in the panel, the potential number of sets of weights increases rapidly. For instance,




second wave respondents they are wy = wyw 7, for third wave respondents they are
w3 = wpw3 72; and so on.

Little and David (1983) also describe a weighting scheme for nonattrition
nonresponse, but the simplicity of the above procedure is lost, and their scheme also
has some unattractive features. As can be seen from Table 1, there were in fact a fair
number of nonattrition nonrespondents in the 1979 Research Panel: the patterns 101,
011 and 001 accéunt for 6.0 per cent of the total sample and comprise almost one—
third of the partial nonrespondents. An approach that can be used to avoid the
complications of the nonattrition nonresponse patterns is to convert them into attrition
patterns. This can be done either by discarding some waves of data, by imputing some
waves of data, or by a combination of these procedures. Thus, for instance, one might
impute for the missing wave in the 011 pattern, discard the data in the 001 pattern, and
either impute for the middle wave or discard the last wave in the 101 pattern. Note
that if discarding is the chosen solution, the data need not have been collected in the
first place (except for its potential use for methodological checks).

3. Imputing for Wave Nonresponse
When wave nonresponse is handled by imputation, all the missing items for a wave
nonrespondent are assigned values, making use of responses on other waves in doing
so. As Kalton and Kasprzyk (1982) discuss, the value imputed for the /th
nonrespondent on variable y may in general be expressed as y; = flxy,, xz,-,...,xp,-) + e,
where f(x} is a function of the p auxiliary variables used in the imputation, and e; is an
estimated residual. If the e; afe set equal to zero, the imputation scheme assigns the
predicted means, and the scheme may be termed a deterministic one. On the other
hand, if the e; are estimated residuals, the scheme may be termed a stochastic one.
Deterministic imputations distort the shape of the distribution of y, and attenuate its
variance. For this réason, stochastic imputation schemes are generally preferred.

In thé S'IPI&> and the ‘i979 ISDP Research Panel, in common with most panel

surveys, many of the same items are repeated on each wave. Qften the responses to a




with the eight waves from a full SIPP panel, there are 255 possible combinations of
waves, and hence as many as 255 different sets of weights could be required.

The number of sets of weights needed would be reduced if not all the patterns
of response/nonresponse occurred. In many panel surveys the major type of
nonresponse is attrition nonresponse, which refers to the situation in which a unit drops
out on one wave and remains out of the panel for all subsequent waves. If the only
form of nonresponse was attrition nonresponse, there would be just four response/
nonresponse patterns for a three wave panel, namely 111, 110, 100 and 000, and only
three sets of weights would be needed. There would be one set of weights for each
wave: these weights would apply straightforwardly for cross—sectional analyses of
data from single waves, and an analysis incorpofating data from two or more waves
would use the weights applicable to the latest wave involved in that analysis.

Little and David (1983) propose a method for developing weights to compensate
for attrition nonresponse that attempts to take account of all the auxiliary data available
on the nonrespondents. The only information known about nonrespondents at the first
wave (i.e., the total nonrespondents) is their values on the design variables (e.g., PSUs
and strata), 2; the information available for those who drop out at the second wave
comprises their z-values and their responses at the first wave, x7; the information
available for those who drop out at the third wave comprises their z— and x y-values
and their responses on the second wave. x2; and so on. Little and David propose
running the following series of logistic or probit regressions with the response
indicators rj(r; = 1 for a respondent, r; = O for a nonrespondent at wave /) as the
dependent variables:

(1) Regress ry on 2y for the total sample

(2) Regress rp on z;y and xy for respondents at wave 1

(3) Regress r3on zy4, x7 and x5 for respondents at wave 2; and 50 on.
The inverses of the’predicted means from these regressions then give the weights
needed to éombeﬁsate frém one wave to the next Let these weights be denoted by

Wy, wo g, and w . The overall weights for first wave respondents are then wy; for
w21 312 g

1




The degree of consistency of response for all the items in Table 2 is high, with
the lowest level of consistency being 84.9 per cent for the responses to the item
"Didn’t want to work” as a reason for not working. That the "Didn’'t want to work" item
exhibits the lowest level of consistency is perhaps not unexpected, given its greater
degree of subjectivity than the other items. It is likely that all these consistency
measures are underestimates, because of measurement errors, possible mismatches of
respondents across waves, and other reasons. Even items like race and marital status
show some degree of inconsistency. The former item has a consistency measure of
98.6 per cent, and the latter item has one of 97.8 per cent; several of the
inconsistencies in marital status were in fact iogical impossibilities, such as married,
widowed or divorced at wave 1 and never married at wave 2.

The high levels of consistency found in Table 2 suggest that the response to one
of these items on one wave is a good predictor for a missing response on the other
wave. In order to illustrate how the quality of imputations based on responses to the
same item on another wave may be assessed, consider the item in the first row of the
table, whether the respondent worked in the quarter or not

Among the respondents to both waves, 94.4 per cent of those who answered
"Yes” to this item at wave' 1 (/.e., said they worked in the quarter) also said "Yes" at
wave 2, and 90.1 per ceﬁt of those who answered "“No" at wave 1 also answered "No"
at wave 2. There were 1518 persons who answered this question on wave 1, but
failed to answer it on wave 2; of these, 922 answered "Yes” at wave 1 and 596
answered "No". Using a deterministic imputation scheme, all those answering "Yes" at
wave 1 would be assigned "Yes” answers at wave 2 (this being the modal wave 2
response amongst those answering "Yes" at wave 1); similarly, all those answering "No"
at wave 1 would be assigned "No" answers at ‘wave 2. Assuming that nonrespondents

at wave 2,are missing at random conditional on their wave 1 responses, one can expect

that 84.4 per cent of the 922 responding "Yes" at wave 1 will be correctly assigned

"Yes" at wave 2 (i.e., an expected 870 persons) and 90.i percent of the 596 answering




repeated item are highly consistent over time, and when this occurs the response on
one wave can serve as a powerful auxiliary variable to use for imputing the missing
response on another wave. To illustrate this point, we consider first some categorical
vériables and then some continuous variables from the 1979 Research Panel.

For the categorical variables we examine the consistency of responses across the
first two waves of the 1979 Research Panel. The upper part of Table 2 presents
unweighted cross—wave distributions of responses to whether the person worked in
the quarter and to two recipiency items for original sample persons aged 16 and over
who responded on both waves. The lower pal;t of the table gives corresponding
distributions of reasons for not working for those who were not at work on both
waves. As the first row of the table sh.ows, 58.2 per cent of persons reported that
they worked on both waves and 34.5 per cent reported that they did not work on
either wave. Thus, a total of 92.8 per cent of the respondents were consistent in their
responses across the first two waves of the panel.

Table 2
Distribution of sample persons across Waves 1 and 2 for selected

variables for original sample respondents for both waves ages 16 and
o/der from the area frame, 1979 /|SDP Research Pane/

1st wave Yes Yes No No Consis—- Sample
Item 2nd wave Yes No Yes No tency size
Worked in quarter 582 35 38 | 345 928 13,119
Receiving Soc. Sec. 184 04 0.9 80.3 98.7 13,151
Receiving Fed. SSI 3.2 0.3 03 | 962 995 13,151
Reasons for not
working:
Going to school | 110 | 08 | 07 | 874 98.4 4,520
Didn't want - : '
to work 49 6.5 8.5 80.1 849 4,520
Retired 153 | 50 | 65 | 732 885 4,520
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on their wave 1 responses. Thus, for instance, it is estimated that 84.4 per cent of the
wave 2 nonrespondents who answered "Yes" at wave 1 would answer "Yes" at wave 2.
This estimate may be seriously in error if the model is inappropriate, and if so, the
measures of imputation quality Will be invalid.

Consider now the imputation of continuous variables across waves of a panel
survey. Kalton and Lepkowski (1983) describe a variety of procedures that can be
employed for crosswave imputation in a two—-wave panel, using the value of a variable
on one wave to impute the missing value of the same variable on another wave. The
widely used hot~deck imputation procedure does not work well when the auxiliary
variable and the variable to be imputed are very highly correlated, as will often be the
case with crosswave imputation. With the hot—deck procedure, the auxiliary variable is
categorized into cells, and an individuai with a missing value on the variable under
consideration is assigned the value of a respondent from the same cell. Thus an
individual from one end of a cell may be assigned the value from a respondent at the
other end of that cell. Closer matches between nonrespondents and donors can be
obtained by increasing'the number of hot—deck cells, but the number cf celis has to be
limited to ensure that matches t.:an be made.

The categorization with the hot-deck procedure can be avoided by using some
form of regression imputation. Consider, for example, the imputation of the hourly rate
of pay of individual / on wave 2 (y;) given the individual's hourly rate of pay on wave 1
(x;l. A simple regression imputation model is y; = a + bx; + e;, where e; is a residual
term. The e;’s do not need to have a zero mean, and no restriction need be placed on
their distribution. Regression imputation can be viewed as constructing a new variable
yi = a + bx; for all individuals, imputing the e;’s for the nonrespondents, and then
calculating y; as §; + ;. The e;’s may be assigned by any appropriate imputation
scheme. They may, for instance; be imputed by a hot—deck procedure, selecting
fespondents’ e;’s within imputation cells formed by, say, age, sex, and categorized wave

1 hourly rate of pay to assign to the nonrespondents. The choice of regression

16




"No" at wave 1 will be correctly assigned "No" answers at wave 2 (i.e., an expected
537 persons). Thus this imputation scheme may be expected to correctly assign the
responses of 92.7 per cent of the wave 2 nonrespondents. Without using the wave 1
responses in the imputation scheme, all the 1518 wave 2 nonrespondents would be
assigned "Yes" responses with a deterministic imputation scheme, since "Yes" is the
modal answer among wave 2 respondents. Again assuming wave 2 nonrespondents are
missing at random conditional on their wave 1 responses, an expected 61.2 per cent of
them would be correctly assigned "Yes” responses for wave 2.

The above deterministic scheme based on wave 1 responses suffers the
disadvantage that it imputes only 60.7 per cent of "Yes" wave 2 responses, whereas
61.2 per cent of "Yes" responses should be imputea to generate the correct distribution
of "Yes" and "No" answers under the missing data model adopted. (The difference here
is small, but it could be greater in other cases.) In addition, the deterministic imputation
scheme leads to a greater stability of responses over the two waves than is implied by
the model. there are no changes in responses from wave 1 to wave 2 for those with
imputed wave 2 responses.

A stochastic imputation scheme can avoid these disadvantages. A stochastic
scheme for the above example would assign "Yes" responses to 94.4 per cent of wave
2 nonrespondents who answered "Yes” at wave 1 and "No" responses to the other 5.6
per cent, and it would assign "No" answers to 80.1 per cent of wave 2 nonrespondents
who answered "No” at wave 1 and "Yes" answers to the other 8.9 per cent A
disadvantage of the stochastic scheme, however, is that it reduces the quality of the
imputations: based on the missing at random conditional on wave 1 response model,
the expected percentage of correct imputations with this scheme is only 86.6 per cent

It should be emphasized that all the measures of the quality of the imputations are
based on a model for the nonrespondents. The measures may be misleading if the
model fails to hold. The model used here assumes that the wave 2 nonrespondents

have the same distribution of wave 2 responses as the wave 2 respondents, conditional
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again limited to original sample persons aged 16 and older from the area sample, and
only persons reporting that they received vwage and salary income are included in the
correlation estimates. The correlations were computed using a pairwise missing data
deletion algorithm so that the numbers of records used for different correlations may
vary. Several records in the data file had apparent keying errérs for the wage and
salary amount (e.g., the amount increased from one month to the next exactly by a
factor of 10 or 100, suggesting a decimal place shift in the keying process). Since
these potential errors substantially reduced cross-month correlations, the data values in
error were excluded from the pairwise correlations.

Table 3

Cross-month correlations for wage and salary income amount for original sample
persons ages 16 and older from the area frame, 1979 /SDP Research Panel

1 2 3 4 5 6 7 8
0.903
0.878 0.894

0840 0858 0834
0839 0854 0833 0955
0828 0853 0.816 0945 0944

0800 0804 0802 0832 0843 0849
0808 0797 0784 0826 0843 0822 0952
0795 0809 0787 0825 0828 0835 0949 0949

WoOoN OOh WN

The correlations across months are generally high, ranging from 0.784 to 0.955.
The highest correlations are between months within waves, while the lowest tend to
occur for months that are more than 6 months apart Looking down the main diagonal

of the lower triangular matrix in Table 3, it can be seen that correlations between

. adjacent months in different waves are lower than those between adjacent months in

the same wave. There are several possible explanations. One is that respondents tend

to give falsely consistent responses within a wave, leading to unduly high within wave
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imputation model is not critical, since the assignment of the e;’s can protect against a
misspecified model. The better the choice of model, however, the smaller is the
variance of the e;’s, and hence the better is the quality.of the imputed y;’s.

Obvious choices for a and b are the least squares estimates obtained from a
regression of respondents on both waves, but simpler alternatives may also work well.
The simplest model is to take @ = 0, 4 = 1, which specifies the wave 2 value as the
wave 1 value plus the change between waves: the imputation is then made for changes.
Other relatively simple models set either a = 0 or 4 = O; the first is a proportionate
change model and the second an additive change model. There is in fact no need to
include the a term in the model, since it can be incorporated as bart of the residual (/.e.,
the residual is taken to be a + g)).

The quality of crosswave imputations depends on (1) the correlation between the
values of the item from one wave to the next and (2) the quality of the imputations for
the residuals obtained by using other auxiliary variables. We present some findings
from the 1979 Research Panel relating to the first of these factors.

First consider the hourly rate of pay variable. For original sample respondents
aged 16 and older in the area frame reporting hourly rate of pay on each of the first
two waves of the Panel, the correlation between the two waves is 0.976. Similarly,
from waves 2 to 3 the correlation is 0.964 and from waves 1 to 3 it is 0.965. (All
these correlations are computed after 28 cases of apparent keying errors had been
removed) These high correlations suggest that if a person’s hourly rate of pay is
available for one wave but not for a neighboring wave, the missihg rate can be imputed
with little error (even before considering the use of auxiliary variables in the imputation
of the residual term).

Unlike hourly rate of pay, most of the amounts items in the 1979 Research Panel

were reported on a monthly basis, so that there are three amounts reported for each

wave. The cross—month correlations for one amount item, wage and salary income, for

the first three waves of the 1879 Research Panel are given in Table 3. The data are




ejep Buissiw se siouue Buikey yuasedde Buipnjox3«

06,0 |v180|0280|6v80[,980|€880| L1160 2680 LEBO 6v60 0060 9960 sdweys pooy
G690 [S¥£'0[0940|9€v0|s250 (820 zZESO 8vtv0 G990 0650 8010 1G90 "uonesuedwod
JuswAhojdwaun
S1£0|€690|2L50|66L0|1€80/6580] 9060 (880 1E60 mv.m.o L6880 1960 Jadv
96G0(L1£0|29,0]|0180/Z180|6280| 0880 9680 2i60 6160 9880 _m,m.o ISS |es8pa
0060|2680 (0680|2060 |€160|6160| 960 vZ60 860 8960 1260 €860 >u_._:o.mw._m_oom
199064902490 (6690 |v2L0]|L1bL0]| 9180 €GL0 0060 2L80 0940 0160 | sBuuses jeuosiag
S6.4°0 |6080(v6£0|0L80|0€EB0|LE80]| 1980 6€80 0680 oL60 cv80 £€E60 junowe
Asejes pue abepp
Ljuow f tpuow | thuow | Lhuows [yiuows [ yiuow [uaamieg  enem anem |usamiag anem anem
W13 fueneg| xis | 8y | unog |eauyy pue  ueamjag uIYIAA pue  usamjag uIYIAA

Uiy

Uy

90UB4344IP YJUOW OM|

8oueJey4Ip Yuow suQ

u/oUed Y2183s3Y dAS/| 6/61 ‘9/dwes ease ay) woiy 19pJo pue gy sabe suos.sad
a/dwes (eu161.0 104 SWaY| JUNOWE USAIS 104 SUOIIR[3110D YIUOW -SSOLD abesany

¥ a/q9el

' . .




correlations. It seems more likely, however, that it is the between wave correlations
that are too low. This could arise because of response variation between waves,
including cases of proxy reports on one wave and self-reports on another. Also, a
close egar;rtination of the records suggests that there may be some misrﬁatched records
in the file, giving rise to large differences in wége and salary income between waves.

Correlations for other amounts items in the 1979 Research Panel demonstrate
similar high cross—month correlations. The correlations for wage and salary income and
six other amounts items are summarized in Table 4. Average corr‘elations were
computed for the same difference between months, and separately for reports within
the same wave and between different waves. For example, the average within wave
correlation for a one month difference for the wage and salary amount is the average
of months 1 and 2, months 2 and 3, months 4 and 5, months 5§ and 6, months 7 and 8,
and months 8 and 9 correlations from Table 3. The corresponding average between
wave correlation is the average of the months 3 and 4 and months 6 and 7 correlations.

As observed for wage and salary income amounts, the average correlations
bstween months in different waves for the other items are always smaller than those
between months in the same wave. The correlations also decrease as the number of
months between reports increases. But generally the correlations for these income
items are high, indicating the kind of stability that may be used to provide accurate
imputed values for missing data by using cross—month and cross—wave imputation
strategies.

One of the items in the table has appreciably lower Correlations than the rest,
namely unemployment compensation amounts. The correlations for this item start by
falling as the number of months between reports increases, but then rise for longer
intervals: the correlations for months six or more months apart are ir; fact higher than
the correlation for one month apart. This pattern o'f correlations may indicate that
shoﬁ—tefm .unemployment receives unstable compensation while longer—term

employment receives relatively stable amounts of compensation. In any case, the lower
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Another situation giving rise to responses to the item being unavailable on another
wave is when the item was included on the questionnaire for only one wave. The so-
called "topical modules” on the SIPP questionnaires fall into this category. When
crosswave imputation based on the same item on another wave cannot be applied, other
forms of crosswave imputation, using other variables, may be employed. However, the
quality of the resultant imputations will rarely compare with that of crosswave
imputations based on the same item.

If imputation is used to handle wave nonresponse, the possibility of collecting
data on additional auxiliary variables to improve the predictive power of the imputation
models is worth considering. In particular, if a unit is a nonrespondent on one wave,
additional data may be collected at the next wave. Such a strategy is being addpted in
the SIPP, with the addition of a "Missing Wave" section to the questionnaire for the
fourth and subsequent waves of data collection (Bailey, Chapman and Kasprzyk, 1985).
This section collects information on labor force participation, income sources and asset

ownership/nonownership of respondents who, although eligible, did not respond to the
preceding wave.

4. Concluding Remarks

i

The choice between weighting adjustments and imputation for handling wave
nonresponse is not a simple one. Each method has its advantages and disadvantages.
Imputation creates a completed data set that is easy for the analyst to use and, when
based on a mode! with high predictive power, imputation is more efficient than
weighting. The development of good imputations for all the variables in a missing wave
is, however, a major undertaking. Unless the overall imputation scheme is constructed
with great care, taking account of the cross—sectional and longitudinal interrelationships
between all the variables, inconsistent or otherwise ynaccéptable impute'd values may be
assigned. In any event, imputation fabricates data to some extent and it will cause an
atténuation in’ some of the covariances between variables. The amount of fabrication

and attenuation is slight when powerful crosswave imputation models are used, but such
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correlations for this item indicates the need for greater efforts to employ effective
auxiliary variébles in imputing for the residuals for unemployment compensation.

The preceding discussion has been in terms of two waves of data, one of which

is missing. In a three—wave panel, the wave nonresponse patterns are 110, 101, 011,
100, 010 and 001. With pattern 110, the missing third wave data could be forecast
from the second wave by one of the procedures discussed; it would probably be
satisfactory to ignore the first wave data, since they are unlikely to add much
explanatory power to that given by the second wave data alone. In the same way, with
011, the first wave data could be backcast from the second wave data The missing
first and third waves of data in the pattern 010 could be backcast and forecast
respectively. The second wave’s data in 100 and 001 could similarly be forecast and
backcast, but the other missing waves are two waves apart these could equally be
imputed by one of the preceding procedures, but probably less well. The final pattern,
101, has the missing wave surrounded by nonmissing waves. In this case, it should be
possible to develop a stronger imputation method, using both adjacent waves data in
the imputation scheme.

The imputétion schemes described above use the response for a variable on one
wave in imputing for a missing response to that variable on another wave. These
schemes are especially effective when the variable is highly stable, or at least the values
are highly correlated between waves, for then the observed value on one wave is a
powerful predictor of the missing value on the other. A limitation to these schemes is
that the value of the same variable on another wave must be available. Kalton and
Lepkowski (1983) found that in many cases these schemes could not be used in
imputing for hourly rate of pay in the 1979 Research Panel because a person with a
missing hourly rate of pay on one wave also'had a missing'rate on the other wave, or
was a non-wage ea}ner or not part of the panel on the other wave. An alternative
back—up impuiafion procec;!ure is needed to deal with such cases, adding to the

complexity of the imputations and lowering their overall quality. .
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Chapter 2
HANDLING WAVE NONRESPONSE IN PANEL SURVEYS*
Graham Kalton

Abstract: Panel surveys are subject to wave nonresponse which occurs when
responses are obtained for some but not all waves of the survey. While weighting
adjustments are routinely used to compensate for total nonresponse and imputations
used for item nonresponses, the choice of compensation procedure for wave
nonresponse is not obvious. The choice depends on a number of factors including. the
number of waves of missing data; the types of analysis to be conducted; the availability
of auxiliary variables with high predictive power for the missing values; and the work
involved in implementing the procedures. The paper reviews the issues involved in
compensating for wave nonresponse.

Key words: Nonresponse; weighting adjustments; imputation; panel surveys; panel
attrition.

1. Introduction

Textbook discussions of missing &ata in surveys generally make only the simple
distinction between unit (or total)l nonresponse and item nonresponse, the former arising
when no data are collected for a sampled unit and the latter when responses are
obtained to some, but not all, of the survey items. The choice of procedures for
attempting to compensate for nonresponse is then reasonably straightforward. As a
rule weighting adjustments are used for unit nonresponse and imputation for item
nonresponse.

Thié paper is concerned with the more complex situation of missing data in panel
surveys, and in particular in the Survey of income and Program Participation (SIPP).
There are two features of the SIPP that complica'ée the simﬁle distinction between unit
aqd item nonresponse, and i_n consequence raise questions.about the éppropriate choice

of cbmpensation procedure for certain types of nonresponse. The main feature is that .

From Journal of Official Statistics, 1986, 2, 303-314.
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models cannot be used in all cases. On the other hand, while weighting avoids the
attenuation problem, the need to use different sets of weights for different types of
analyses creates complexities for the analyst and can lead to inconsistent results. With
both imputation and weighting having their advantages and disadvantages, it may be that

some combination of the two methods, such as that outlined at the end of Section 2, is
the best solution.
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The final section presents some concluding remarks. Where possible, the discussion is

illustrated with data from the Income Survey Development Program’s (ISDP’s) 1979

. Research Panel, a prototype for the SIPP (Ycas and Lininger (198 1)).

2. Weighting or imputation

Although weighting and imputatioﬁ are often thought of as entirely distinct methods of
attempting to compensate for missing survey data, they are in fact closely related for
univariate analysis (Kalton (1983); Little (1984); Oh and Scheuren (1983). As a simple
illustration, consider the imputation scheme in which the sample is divided into
adjustment cells based on auxiliary information available for both the respondents and
nonrespondents to the item in question, and then a nonrespondent is assigned the
response for that item from a respondent in the same cell. For univariate analyses, this
imputation scheme is equivalent to the weighting scheme that adds the weight of the
nonrespondent to that of the respondent who in the imputation scheme donated the
imputed value: the distribution of respondent and imputed values from the imputation
scheme is the same as the weighted distribution of respondent values from the
weighting scheme, and hence summary statistics such as the mean and variance are also
the same.

While this relationship between weighting and imputation is instructive, it
nevertheless hides some major differences between the two procedures. For one,
weighting does not need to take a sample of respondents to whom to assign increased
weights, as in the above example. Instead fractional weights can be spread evenly
across the respondents in a cell. This even spread of weights avoids the increase in the
variances of survey estimates associated with the sampling of respondents. With
imputation this increase is less easily avoided; however, it can be reduced to minor

magnitude by the use of appropriate methods of sampling respondents to serve as

donors (Kalton and Kish (1984)) or by the use of multiple imputations (Rubin (1979).

The major differences between weighting and imputation stem not from this issue

of sampling respondents but rather from the multivariate nature of survey data




the survey is a panel survey that collects data from the same units on eight different
waves. The second feature is that the SIPP collects data for all persons aged 15 and
over in sampled households; the units of analysis are persons for some analyses, while
for others they are households, families or other groupings of persons.

Units failing to respond on any wave in a panel survey clearly constitute unit
nonresponse, and weighting adjustments may be employed in an attempt to compensate
for them. Equally, missing responses to certain items from units that respond on all
waves are item nonresponses which may be handled by imputation. The complication
with a panel survey is that there are units that respond to some but not all waves of
data collection. From a longitudinal perspective, wave ncnresponse may be viewed as a
set of iterﬁ nonresponses in the longitudinal record, suggesting that imputation may be
the appropriate compensation procedure. From a cross—sectional perspective, it may
be viewed as unit nonresponse, for which a weighting adjustment may be appropriate.

Some missing data issues arising in household sampling mirror those raised by the
panel design In a cross—sectional survey, sample households in which no—-one
responds clearly count as unit nonresponse, and missing responses to certain items in
households in which data are collected for all eligible persons are clearly item
nonresponses. The complication is how to treat cases where no data are collected for
one or more persons in an otherwise cooperating houséhold For household-level
analyses, such person nonresponse may be viewed as a set of item nonresponses in the
household record, suggesting that imputation may be used in compensation. For

person—level analyses, it may be viewed as unit nonresponse which may be handled by a

weighting adjustment

This paper focuses on the question of what form of compensation procedure
should be used to attempt to compensate for wave nonresponse. The next section
revieyvs_ the ge_neral issqes involved in the choice between weighting adjustment; and
.imputatior; for handling missing‘ survey data The following two sections then discuss

some special features that arise in the application of these procedures to panel surveys.
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record by an amount w can be regai'ded as the creation of a new record taking the
complete set of variables from the one respondent record and giving the new record a
weight of w. Thus the relationships between the survey variables in the respondent
record are reproduced in the new record. Imputation, however, fails to have this
desirable property. In general, imputation preserves the covariances of a variable
subject to imputation with the auxiliary variables used in the imputation scheme, but
attenuates the covariances with other variables (Santos (198 1); Kaiton and Kasprzyk
(1982)). Unless safeguards are taken, imputed values may even turn out to be
inconsistent with other responses on the record. Since most of survey analysis
involves studying relationships between variables, such as by crosstabulation and
regression analysis, this failure of imputation to preserve covariances is a serious
disadvantage.

Another concern with imputation is that it fabricates data to some extent There is
the risk that analysts will treat the imputed values as real values, and compute sampling
errors accordingly. They will thus.attribute greater precision to the survey estimates
than is justified._ The extent of fabrication depends on the situation. If there is some
redundancy in the survey data so that a missing response can be deduced without error
from other responses, the imputation involves no fabrication. If the variable subject to
imputation is highly correlated with the auxiliary variables used in the imputation scheme,
the amount of fabrication is small. If, however, the variable subject to imputation is only
slightly correlated with the auxiliary variables, the amount of fabrication is sizeable.
Often, the situation corresponds most closely to the last of these alternatives. The
amount of fabrication also affects the attenuation of covariances: the larger the amount
of fabrication, the greater the degree of attenuation.

Another important difference between weighting and imputation is that weighting is
a global strategy, treating all variables simultaneously, whereas imputation can be item-
specific. Tb the extent tﬁat there is a choice of auxiliary vériables to use for the global

weighting adjustments, the choice is mainly made in terms of their ability to predict the
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Surveys are not concerned with a single variable as in the above example, but rather
with many variables. This feature has a number of consequences for both weighting
and imputation, and serves to explain why unit nonresponse is generally treated by
weighting and item nonresponse by imputation.

Usually the values of only a few survey design variables (e.g., strata, PSUs) are
known for unit nonrespondents. These variables can all = or nearly all - be
incorporated into the construction of the adjustment cells. The cells, reflecting
everything that is known about the nonrespondents, can thus be used to predict all the

missing survey variables as effectively as possible. This is efficiently done by

increasing the weights of the respondents in the cells so that they represent the

nonrespondents also.

In the case of item nonresponse, holwever, a great deal more is known about the
nonrespondents. It is therefore rarely possible to find a respondent who exactly
matches a nonrespondent in terms of all the data available for the nonrespondent In
this circumstance, three alternative approaches are possible:

(1) Discard enough of the less important data about the nonrespondents to enable
matches to be made and a cell weighting adjustment to be used;

(2) Attempt to incorporate the important data about the nonrespondents in a model
of response propensities, which can then be used to develop weighting
adjustments;

(3) Employ an imputation procedure to assign values for the missing responses.

The first approach may be appropriate for nonrespondents for whom only limited
data are available. Discussion of the second approach is deferre¢ to the next section.
An important difference between the weighting and imputation apprgaches for item
nonresponse is that with weighting some of the data for item nonrespondents has to be
discarded whereas with imputation the nonrespondents’ responses to other items are
retained intact This is an obvious advantage of imputation; however, it also has some
undesirable consequences: .

Weighting has the notable advantage over imputation that it preserves the observed

associations between the survey variables. Increasing the weight of a respondent
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components across three waves to produce annual totals). In conducting such analyses,
it needs to be recognized that the population is dynamic, changing its composition
between waves as "births” and "deaths” occur (Kasprzyk and Kalton (1982); Kalton and
Lepkowski (1985). This feature itself can lead to complications in the weights used, but
for simplicity we will ignore these complications by treating the population as essentially
static. We will further assume that the sample elements are selected with equal
probability so that no sampling weights are required. We will thus be concerned only
with the development of weights to compensate for total and wave nonresponse.

For illustrative purposes, consider a three wave survey (as, for instance, will apply
when the first three waves of a SIPP panel are merged to create an annual file). There
are then eight different patterns of response/nonresponée for the sampled units.

Denoting 1 as response and O as nonresponse, these eight patterns are:

11 110 101 on
100 010 001 000

The last pattern represents the total nonrespondents; for any form of analyses a
weighting adjustment can be made for them. For a particular form of analysis, the
patterns that provide the requisite data can be identifiedi and weights can be developed
to compensate for the sample units in the other patterns. Thus, for instance, sample
unit§ in patterns 111, 110, 101 and 100 provide data for a cross—sectional analysis of
wave 1 and they can be weighted up to compensate for units in the other four patterns;
similarly, sample units in patterns 111 and 011 provide data for i'neasuring changes
between the second and third waves, and they can be weighted up to compensate for
the units in the other six patterns. There are potentially seven combinations of waves
for different forms of analyses, thus implying the need for seven different sets of
weights. _

' Liﬁle ‘and bavid (1983) distinguish three types of wave nonresponse: attrition,

reentry and late entry. Attrition nonresponse occurs when a unit drops out of the




response propensities.. For instance, adjustment celis are generally determined to
compensate for differences in response rates across different subgroups of the
sample. On the other hand, the choice of auxiliary variables to use in imputing for a
specific variable is generally governed by their abilities to predict that variable for, as
noted above, the higher their predictive power the lesser are the problems of
covariance attenuation and fabrication. (Sometimes a slight modification is made to this
choice to deal with the problem of several associated missing items on a given record.
If each imputation was conducted independently, the covariances between these
variables would be attenuated. This problem can be dealt with by imputing for the
several missing items from the same donor: this can be readily done if the same set of
auxiliary variables is used for the several items.)

A factor to be taken into account in choosing between weighting and imputation is
the auxiliary information available for use in making the nonresponse adjustments.
Weighting tends to be favored when the auxiliary variables are only weakly related to
the variables with the missing values, because imputation gives rise to serious problems
of fabrication of data and attenuation of covariances in this case. On the other hand,
imputation tends to be favored when auxiliary variables with high predictive powers for
the variables with missing values are available; in this case the problems of fabrication
of data and attenuation of covariances are less significant, and imputation can make
much more effective use of the auxiliary information than can weighting.

Having reviewed the general issues relating to the choice between weighting and
imputation, we now turn to address the specific issue of handling wave nonresponse in
a panel survey. The next section discusses the use of weighting adjustments for this
purpose and the following one discusses the use of imputation.

3. Weighting Adjustments for Wave Nonresponse
Panel surveys are subject to many forms of analysig. Some analyses yield érosSf
'se'ctiohal'eAsti.mat‘es frorr; a‘single wave wﬁile others relate variables across two or more

waves (e.g., measuring changes between waves or adding four—monthly income
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The auxiliary variables available for units lost at the second wave are both the 2
variables and their responses at the first wave, x 1. Little and David propose regressing
the response indicator for wave 2 on these auxiliary variables, z and x 1, for all the
sampled units that responded at the first wave. The inverses of the predicted means
from this regression then give the adjustments needed to compensate for the loss from
the first to second waves. Thus the overall weight for the second wave respondents is
w2 = wiw 1, where w1 is the weight for the first wave and ws 1 is this further
adjustment.

For the third wave, the auxiliary data comprises z, x1 and the responses at the
second wave, x2. The regression of the response indicator for the third wave is then
run for all those units that responded at the second wave, and the inverses of the
predicted means are used for the further adjustment to compensate for units lost at the
third wave, i.e., the weight at the third wave is w3 = wowg 12. The same procedure is
used for all subsequent waves.

Unfortunately the simplicity of the above procedure is lost when non-attrition
losses are included. In practice there are likely to be a fair number of non-attrition
cases. Table 1 gives the relative frequency of the various response patterns (excluding
the total nonrespondents, pattern 000) for the first three waves of the ISDP 1879
Research Panel. As can be seen from the table, 80.2% responded on all three waves,
13.9% were attritors and 6.0% were non-—attritors. Little and David provide a
corresponding table for persons who responded to at least one of the first five waves
of the ISDP 1979 Research Panel. Of such persons, 74% responded to all five waves,
15% were attritors, and 11% non-attritors.

Little and David describe a weighting scheme for the non—-nested situation, but the
scheme has some unattractive features. As a simple illustration, consiaer a two-wave
papel, with & respondents to both waves, b respond;nts to. the first but not the second
wavé. c résbondents té the second but not the first wave, and d nonrespondents to

both waves. For wave 1 cross—-sectional analyses, the (a+5) first wave respondents are
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survey at one wave and remains out thereafter, reentry occurs when a unit drops out
for one or more waves but reenters at a later point, and late entry occurs when a unit
is not interviewed at the first wave but enters later. With a three-wave panel, the
patterns 110, 100 and 000 constitute attrition nonresponse, the pattern 101
constitutes reentry, and the patterns 011 and 001 constitute late entry. There is also
the possibility of dropping out more than once: the pattern 010 represents a late entry
which drops out later.

If all the missing wave data were in the form of attrition nonresponse, the resultant
data would form a nested pattern, with fewer of the same set of respondents at each
successive wave. With only four of the above patterns arising, namely 111, 110, 100,
and 000, just three sets of weights are needed. There would be one set of weights
for each wave; these could be used straightforwardly for cross—sectional analyses,
and any analysis involving more than one wave would employ the weight of the latest
wave used in that analysis. With more waves of data, the re_duction in the number of
sets of weights required based on all patterns of wave nonresponse to the number
based on attrition nonresponse only is more substantial. For instance, making allowance
for analyses of all possible corﬁbinations of wave data from the eight waves of a SIPP
panel would require 28 - | = 255 sets of weights with all possible patterns of wave
nonresponse, but just 8 sets when only attrition nonresponse occurs.

Little and David propose a method for developing weights to compensate for
attrition nonresponse that attempts to take account of all the auxiliary data available at -
each successive wave. At the first wave, the only auxiliary data available for both the
nonrespondents and the respondents are the design variables z, such as strata and PSUs.
These may be employed to form adjustment cells, using the inverses of the response
rates within the cells as the weights, or the response indicator (r = 1 f;:r a respondent,
r=0 fora nonrespondent) can be regressed on the..design variables, using a logistic or
probAit régreésion, with the weights for the respondents then being the inverses of the

predicted means from the regression for their specified values of z.
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The scheme involves a matching of respondents and nonrespondents in terms of
their response patterns on previous waves (e.g.. the fourth wave nonrespondents with
the pattern 1010 are matched with respondents with the pattern 101 1), and then
weighting up the respondents to represent the nonrespondents. |f the number of
respondents of a matched pattern is small and the number of nonrespondents large (as
might for instance well occur with the patterns 1001 and 1000), that set of
respondents will have a large weight The resulting wide variation in weights would have
an adverse effect on the precision of the survey estimates. To avoid this effect, it may
be advisable to sacrifice some of the earlier wave data, for instance matching
respondents 1101 and 1001 together with 1000, ignoring the second wave responses
in the first of these respondent patterns, or forcing non-—attrition response patterns
into nested patterns by ignoring responses to waves after a missing wave (e.g., treating
1101 as 1100

The development of wave nonresponse weights that attempt to account for all the
auxiliary information available from other waves is clearly a substantial task, but
probably much less extensive than the task required for imputation.

4. Imputing for Wave Nonresponse

Imputation assigns values for missing responses by making use of auxiliary variables. In
general, the value imputed for the /th nonrespondent on variable y is

Yi = flx1j, x2j. ... Xpil + &, where flx) is a function of the p auxiliary variables and e; is
an estimated residual. Often f(x) is a linear function Gg + Zﬁiji, and the Fs are
estimated from the respondents’ data This formulation covers regression imputation in
an obvious way and also cell imphtation - such as the widely used hot—deck procedure
- by defining the x’s as dummy variables to represent the cells. If the e; are set at zero,
the imputation scheme may be termed a deterministic one; if the e, are estimated
residuals, »thej imputation scljeme may be termed a stochastic one. See Kalton and

Kasprzyk (1982) for further discussion.
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Table 1

Person Response/Nonresponse in the First Three Waves of the 1979
ISDP Research Panel (Excluding Total Nonrespondents)

Response (1)/Nonresponse (0)

Respondents
11

Attritors

110
100

Non-attritors

101
on
010
001

Total

Number of persons 20,676

weighted up using the design variables z as the auxiliary variables. For wave 2 cross-
sectional analysis, the set of a respondents at wave 2 are weighted up to represent the
b nonrespondents, using the z and first wave variables as auxiliary variables, and the set

of ¢ respondents at wave 2 are weighted up to represent the d nonrespondents, using

just the z variables as auxiliary variables. Longitudinal analyses of waves 1 and 2

combined are conducted with the set of a respondents to both waves, weighted up by
the product of the cross—sectional weights. Note that, in determining the wave 1
weights, this scheme does not utilize the responses available for the c_respondents at
wave 2 who fail to respond at wave 1. These responses could be incprporated by
performing a reverse weighting scheme like the forward one for wave 2, using auxiliary .
data from wave 1 where available, but then the longitudinal weight would not be the

simple product of the cross—sectional ones.
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The cafegorization with the hot—deck procedure can be avoided by using some form
of regression imputation. Thus, for instance, the imputed hourly rate of pay of
individual / on wave 2 (y;) may be obtained from the regression y; = a + bx; + e;, where
xj is the individual’s wave 1 hourly rate of pay, and e is a residual term. Regression
imputation can be viewed as constructing a new variable, the predicted value a + bx;,
for all individuals in the second wave. The values of the errors e; can then be calculated
for the respondents, and the imputation problem reduces to assigning e; values for the
nonrespondents. The e; may be set to zero, as in deterministic imputation, or they may
be assigned in a variety of ways, such as by a hot-deck imputation procedure, using the
variable in question or other variables as the auxiliary variables for creating the cells.
The selection of the residuals for several variables from the same donor will help to
maintain the relationships between the variables. |

One way to choose the values of a and b is to use the least squares estimates
obtained for the regression based on those who responded on both waves. Sometimes
it may be appropriate to force the regression through the origin, setting @ = O; this is
then a model of proportionate change. An alternative model is to' set b = 1, whichis a
model for additive change. The proportionate and additive change models 'are simple to
implement For variables that are extremely stable over time, the simple imputation of
directly substituting the value on one wave for the missing value on the other may serve
well for many purposes. This is the special case of regression imputation with a = 0,

b =1 and g = 0. However, this procedure suffers the disadvantage that it understates

the amount of change between waves, and measurement of change is often of interest

in panel surveys. This understatement can be avoided by using the stochastic imputation
model y; = x; + e;, where e; is assigned from some respondent. If the variable is very

stable, the assigned e; will mostly be 0, but nonzero values will occur when donors have

values that change between waves.

The above regression imputation procedures are applicable for continuous variables.

One possible wave nonresponse imputation procedure for categorical variables is to
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The auxiliary variables for use in imputing for wave nonresponse are the survey
design variables and the responses to items on other waves. In most panel surveys,
many of the same items are repeated at each wave. When the responses to a repeated
item are highly correlated over time, the response on one wave will be a powerful
predictor of a missing response on another wave. Kalton and Lepkowski (1983) fdund,
for example, that for respondents reporting hourly rates of pay on each of the first
two waves of the ISDP 1979 Research Panel, the correlation between the two rates
was 0.97. This suggests that if a person’s hourly rate of pay is available for one wave
but the person is a nonrespondent on an adjacent wave, the missing rate can be imputed
almost without error. vNote, however, that a high correlation for the respondents does
not guarantee that the nonrespondents’ values will be predicted well. It could be, for
example, that the rates of pay of respondents remain the same on the two waves,
giving a correlation of 1, but that the nonrespondents’ rates change between waves.
The use of the respondents’ correlation to measure the predictive power for
nonrespondents depends on the assumption that, conditional on the auxiliary variables,
the missing values are missing at random. .

Kalton and Lepkowski describe a variety of procedures that can be employed for
crosswave imputation in a two—wave panel, using the value of the variable on one wave
for imputing the missing value of the same variable on the other. One such procedure
is hot-deck imputation. For instance, in imputing for hourly rate of pay on wave 2,
hourly rate of pay on wave 1 would be categorized into a number of cells, and an
individual with a missing wave 2 rate would then be assigned the wave 2 rate of an
individual who came from the same wave 1 cell. When the variable's crosswave
correlation is extremely high, the categorization into cells throws away valuable
information: a wave 2 nonrespondent at one end of a wave 1 cell may be matched with
a wave 2 respondent frqm the other end of the cell. While this loss of information
hay be re&uced by iﬁcreasing the number of cells, the number of cells that can be used

is limited by the need to ensure that matches can be made.
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explanatory power to that given by the second wave data alone. In the same way, with
011, the first wave data could be backcast from the second wave data The missing
first and third waves of data in the pattern 010 could be backcast and forecast
respectively. The second wave's data in 100 and 001 could similarly be forecast and
backcast, but the other missing waves are two waves épart these could equally be
imputed by one of the preceding procedures, but probably less well. The final pattern,
101, has the missing wave surrounded by nonrﬁissing waves. In this case, it should be
possible to develop a stronger imputation method, using both adjacent waves’ data in
the imputation scheme.

The imputation schemes described above use the response for a variable on one
wave in imputing for a rﬁissing response to that variable on another wave. These
schemes are especially effective when ihe variable is highly stable, or at least the values
are highly correlated between waves, for then the observed value on one wave is a
powerful predictor of the missing value on the other. A limitation to these schemes is
that the value of the same variable on another wave must be available. Kalton and
Lepkowski found that in many cases these schemes could not be used because a
person with a missing hourly rate of pay on one wave also had a missing rate on the
other wave, or was a non—wage earner or not part of the panel on the other wave. An
alternative back—up imputation procedure is needed to deal with such cases, adding to
the complexity of the imputations and lowering their overall quality.

Another situation giving rise to no responses to the item being available on another
wave is when the item was included on the questionnaire for only one wave. The so-
called "topical modules” on the SIPP questionnaires fall into this category. When
crosswave imputation based on the same item on another wave cannot be applied, other
forms of crosswave imputation, using other variables, may be employed. However, thé
quality of the resultant imputations will rarely compare with'_that of crosswave

imputations based on the same item.
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assign the modal response category among respondents who gave the same response
to the variable on the other wave. As an illustration, consider a respondent who
reported his work status in the first wave of the ISDP 1979 Research Panel, but who
was a nonrespondent at the second wave. Among respondents to the first two waves
of the Panel, 94.4% of those who were working in the first wave were also working in
the second wave, and 80.1% of those who were not working in the first wave were
also not working in the second wave. Thus, if the second wave nonrespondent had
been working in the first wave, the modal category imputation procedure would assign
him a status of "working” in the second wave. If, however, he had not been working in
the first wave, he would be assigned a status of “not working” in second wave.

When, as in this example, a categorical variable is highly stable over time, the
modal category imputation procedure réduces to assigning the value from the other
wave. In this case, the use of this imputation procedure leads to an understatement of
the change across waves. This understatement can be avoided by using a stochastic
imputation procedure. In the above example, for instance, the second wave
nonrespondent who worked in the first wave could be assigned a second wave status
of "missing” not with certainty, but only with a probability of 0.94. He would have a
probability of 0.06 of being assigned a second wave status of "not working".

These imputation procedures for categorical variables can be readily extended to
take account of additional auxiliary information by confining the procedures to specified
subgroups of the sample. For instance, the missing second wave work status for a man
of a given age could be imputed from respondent data that related only to men in the
same age group.

The preceding discussion has been in terms of two waves of data, one of which is
missing. In a three—wave panel, the wave nonresponse patterns are 110, 101, 011,
100, 010 and 00 1. With pattern ‘110, the missing third wave data could be forecast
from the seéond wave by one of the procedures discussed; it would probably be

satisfactory to ignore the first wave data, since they are unlikely to add much
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Models for item nonresponses also need to be developed carefully, and they should
involve crosswave imputations for efficiency and to avoid distortion in measuring
changes. |

The potentially seriously harmful effects of imputation are the fabrication of data
and the attenuation of the covariances between variables. The magnitude of these

effects depends on the predictive power of the imputation models employed. When

" powerful models are used, as may often be the case when the imputation of a missing

response is based on the response to the same item in another wave, these effects
may not be appreciable. On the pther hand, when weak models are used, as is likely to
be the case for the topical items in the SIPP, these effects may be severe.

The severity 'of the effects of imputation depends not only on the predictive power
of the imputation models but also on the form of analysis being conducted. The case
for imputation rather than weighting is often stronger when the data are aggregated.
Thus, for instance, a likely error of $1,000 in an imputed four-month income of $8,000
may be serious, but this error may be acceptable for an annual income of $24,000,
when only one of the incomes for the three four-month periods is imputéd. Similarly,
an error of 31,060 may be serious for an individual's four—-month income, but
acceptable for the household annual income of $40,000, when the incomes of other
earners in the household and of that individual for the other four-month periods are
known. With weighting adjustments, units with any missing components of an aggregate
are excluded from the analysis.

With both imputation and weighting having their disadvantagés, it may be that a
combination is the best solution. One combination would be to impute for variables for
which powerful imputation models can be developed and to use weighting for other
variables, such as those in the topical modules. While this apbroach has attractions, it
creates the serious complicationthat for any wave or combination of waves two sets

6f weights wéuld be required. One set would apply for those analyses that were
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If imputation is used to handle wave nonresponse, the possibility of collecting data
on additional auxiliary variables to improve the predictive power of the imputation
models is worth considering. In particular, if a unit is a nonrespondent in one wave,
additional data may be collected at the next wave. These data could include the answers

to topical items that are stable over time, and answers to retrospective questions about

nonstable issues.

5. Discussion

-For simplicity of analysis, imputation is preferable to weighting as the method of
handling wave nonresponse. It does not require the choice of the appropriate set of
weights to use for a particular form of analysis, and it avoids the inconsistencies that
could occur when different weights are used for different analyses. With the weighting
solution, it is for instance possible that the distribution of a variabie on one wave will
differ from its marginal distribution in a cross—tabulation involving a variable from
another wave.

An important factor in the choice between weighting and imputation is the amount
of work required to implement the procedures. The work required to set up a wave
nonresponse impﬁtation procedure depends heavily on the number of variables in the
survey. The task can be daunting with surveys like SIPP that collect data on very large
numbers of variables. This factor thus favors weighting adjustments for such surveys.
The development of efficient cross—wave imputation procedures and associated edit
checks is much more manageable for surveys that collect data on only a handful of
variables, and imputation is consequently relatively more attractive in this case.

When imputation is based on a model with high predictive power, it is more
efficient than weighting, even when the latter makes effective use of the auxiliary data
The development of good imputation models for all the many survey variab!es is,
.however, a substantial task. Moreover, the task is compounded by the need to have

fall-back strategies for cases when the main auxiliary variables are unavailable. Yet

imputation models will be required anyway for the item nonresponses within a wave.

39




Kasprzyk, D. and Kalton, G.(1983): Longitudinal Weighting in the Income Survey
Development Program. In Technical, Conceptual and Administrative Lessons of the
income Survey Development Program (ISDP), edited by MH. David, pp. 155-170.
Social Science Research Council, Washington, D.C.

Little, RJ.A.(1984) Survey Nonresponse Adjustments. Proceedings of the Section on
Survey Research Methods, American Statistical Association, pp. 1-10.

Little, RJ.A. and David, MH.(1983): Weighting Adjustments for Non-response in Panel
Surveys. Working paper. U.S. Bureau of the Census, Washington, D.C.

Oh, H. Lock and Scheuren, F.J.(1983): Weighting Adjustment for Unit Nonresponse. In
Incomplete Data in Sample Surveys, Volume 2, Theory and Bibliographies, edited by
W.G. Madow, |. Olkin and D.B. Rubin, pp. 143-184. Academic Press, New York.

Rubin, D.B.(1979): lllustrating the Use cf Muitiple Imputations to Handle Nonresponse in

Sample Surveys. Bulletin of the International Statistical Institute, 48(2), pp. 517~
532

Santos, R(1981) Effects of Imputation on Regression Coefficients. Proceedings of

the Section on Survey Research Methods, American Statistical Association, pp. 140-
145.

Ycas, MA. and Lininger, C.A(1981). The Income Survey Development Program: Design
Features and Initial Findings. Social Security Bulletin, 44(11), pp. 13-189.

42




restricted to variables for which missing waves were handled by imputation, and the
second set would apply to analyses involving the other variables.

A second combination of weighting and imputation is to use weights to compensate
for some patterns of wave nonresponse and to use imputation for others. In a three—
wave panel, weighting could, for instance, be used to compensate for those that
responded on only one wave and imputation could be used for the missing wave of
those responding on two waves. On the one hand, this scheme avoids the deletion of
units with two waves of data that occurs with the weighting approach and, on the other
hand, it avoids the fabrication of two waves of data that occurs with the imputation
approach. For the first three waves of the ISDP Research Panel, 11.7% of the persons
responding on at least one wave had a single wave of missing data, which under this
scheme would be handled by imputation. Another 8.2% had two waves of missing data
which would be handled by weighting. This form of combination seems an attractive
one.

A variant of this last procedure is to use impufation to complete the data in the
non-nested patterns 011 and 101, and to discard the data in the non—nested patterns
001 and 010, thereby forcing the outcomes to nested patterns only. Then the nested
weighting adjustments described earlier could be applied (Littie and David (1983)).
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Section 2. Imputation and weighting adjustments were then each applied to compensate
for the missing waves of data.

The imputation of missing wave responses was carried out by a simple cross—
wave imputation procedure: a wave nonrespondent’s responses on a missing wave
were assigned the values of that nonrespondent’s responses to the same items on the
most recent earlier wave for which data were available. The use of the responses to
the same items on another wave as auxiliary information in an imputation procedure is
effective when the responses to the items are stable over time, as is often the case.
The stability of some items across the first three waves of SIPP is examined in Section
3. Section 4 then examines the quality of the imputations produced by the simple
"carry—-over” imputation procedure.

The weighting adjustments were applied to the three-wave respondents to
compensate for those who missed either the second or the third wave, or both. (In the
1984 SIPP Panel no attempts were made to interview first wave nonrespondents on
subsequent waves; hence all first wave nonrespondents are total nonrespondents, and
as such are excluded from the present investigatioﬁ) The auxiliary variables used for
determining the weighting classes were respc;nses to certain items at the first wave.

Survey estimates have been computed from (i) the weighted sample of
respondents to all three waves, (i) from the data set with carry—over imputations
assigned for missing wave responses, and (il from the data set with the actual
responses (i.e., with the deleted values in the simulation data set replaced). Section 5
compares the estimates obtained from these three procedures. The final section of the
paper presents some conclusions from this study.

2. The Simulation Data Set

A sample of households is selected for the first wave of a SIPP panel, and all persons
aged 15 and over in.the selected households become panel members who are followed
even if they chaﬁge addregses or move out of their sampled households. Children

under 15 in sampled households become panel members at later. waves after reaching
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Chapter 3

EFFECTS OF ADJUSTMENTS FOR WAVE
NONRESPONSE ON PANEL SURVEY ESTIMATES’

Graham Kalton and Michael Miller
1. Introduction
Nonresponse in a panel survey can be classified into three components: total
nonresponse, when a sampled unit does not take part in any wave of the survey; wave
nonresponse when a unit takes parts in some but not all waves of data collection; and
item nonresponse, when a unit takes part in a particular wave but fails to provide
acceptable responses for some of the items. Total nonresponse and item nonresponse
are routinely handled by weighting adjustments and imputation respectively. The choice
of adjustment procedure for wave nonresponse is, however, less straightforward
(Kalton, 1985). If weighting is used, data provided by the wave nonrespondents on
waves for which they did respond are discarded, causing a loss of data On the other
hand, if imputation is used, complete waves of data have to be imputed, causing
concerns about the fabrication of large amounts of data and the effect of the
imputations on the relationéhips between variables. This paper examines the effects of
these alternative strategies for handling wave nonresponse on survey estimates by
means of a simulation study.

The simulation study is based on the 1984 Panel of the Survey of Income and
Program Participation (SIPP). A description of the SIPP is provided by Nelson, McMiilen
and Kasprzyk (1985). The data set for this study was created by merging the public use
files for the first three waves of the 1984 SIPP Panel. To create the simulation data
set, the respondents on all three waves were taken from the merged file, and some
waves of their data were deleted in a way that reflected the missing waves of data in

the complete file. Details of the construction of the simulation data set are given in

* An abbreviated version of this chapter appears in the Proceedings of the Section on
Survey Research Methods, American Statistical Association, 1986, forthcoming.
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Table 1

Person Response/Nonresponse Patterns Across the First Three Waves
of the 1984 S/PP Panel for Respondents at the First Wave who
Remained Eligible for the Panel for Three Waves#*

Response (X)/Nonresponse (0) %
XXX 90.0
XX0 49
X0X 1.0
X00 42
Total 100.0
Number of persons 30,004

*Rotation groups 1, 2 and 3 only.

available for all first wave respondents from the public use data files) The objective
for the SEARCH analyses was to develop a detailed and complex model for the
response patterns. Since the purpose of the model was for constructing the simulation
data set, not for substantive analysis, a complex but un»stable model was preferred to a
simpler, more stable, one.

The results of the SEARCH analysis adopted for the creation of the simulation
data set are given in Table 2. As can be seen from the table, the analysis divided the
sample into 41 groups. The largest group, group 14, contains 28% of the sample; four
groups contain over 2000 panel members, and in combination they cover 55% of the
sample. The percentage of respondents on all three waves (XXX) varies from 61.6%
{group 1) to 98.6% (group 36), the ‘percentage of the XX0 pattern varies from 0%
{groups 13, 35 and 36) to 18.6% (group 39), the percentage of the X0OX pattern varies
from 0% in several groups to 12.3% (group 35), and the percentage of the X00 pattern
varies from 0% in several groups to 22.2% (group 1).

The simulation data set was formed from respondents to the first three waves in

‘the following manner. First,i within each of the 41 SEARCH groups, a random sample of

the XXX respondents was taken. The sample size in each group was set at 61.6% of




the age of 15 provided that they are still living with a panel member at that time.
Persons who were not in the initial sample but who subsequently reside with panel
members - termed associated persons — are included in the survey while they continue
to live with panel members. Panel members and associated persons are interviewed
every four months about their income and program participation in the preceding four
months. |

For the purposes of this study a number of exclusions have been made from the
total data set for the first three waves of the 1984 SIPP Panel. First, rotation group 4
was exclu&ed because data were not collected from this group in the second wave.
Second, all associated persons have been excluded. Third, all children aged under 15 at

the first wave have been excluded. Fourth, all panel members leaving the survey

population (e.g., through death, entering an institution, or emigration) have been excluded.

Fifth, all nonrespondents at the first wave have been excluded:; this category includes
both nonresponding households (type A nonrespondents) and individual nonrespondents
in cooperating households (type Z nonrespondents). The study is thus confined to panel
members aged 15 and over at the first wave who were respondents at that wave and
who remained in the survey population throughout the first three waves. There were
30.004 such persons in the data set The patterns of response/nonresponse for these
30,004 persons are shown in Table 1.

The first step towards the creation of the simulation data set was to seek
predictors for the four response patterns exhibited in Table 1. This step was
conducted using SEARCH analyses, employing the option that maximizes the variation
explained in terms of a x2 statistic (Sonquist, Baker, and Morgan, 1973). The predictor
variables included in these analyses were any first wave variables that had some degree
of association with.the response patterns. (Unfortunately it was not possible to include
a variable relating to the degree of urbanization of the panel member’s area of
.residence ~in these analyses; this potentially important predictor variable had to be

excluded because there was no suitable indicator relating to degree of urbanization
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the total number of panel members in that Qroup. The 61.6% figure was chosen
because it is the lowest percentage of XXX respondents across the 41 groups. Thus in
group 1, where the 61.6% figure applies, all the XXX respondents were kept in the
sample; in group 2, the sample size of the XXX respondents was set at 61.6% of 105,
ie, 65; etc. The purpose of this procedure was to generate a sample of XXX
respondents that has the same distribution across the 41 groups as the total sample.
The sample of XXX respondents thus created comprises 18,481 persons.

The last stage in producing the simulation data set was to assign a response
pattern to each of the 18,481 members of the sample of XXX respondents. The
response patterns were assigned at random within the SEARCH groups, according to
the percentage distributions for the group response pattern distributions given in Table
2. A variable was added to each data record to indicate the record’s assigned response
status. When the variable indicated that a sample member was a nonrespondent on one
or more waves, the data for those waves are then treated as missfng in the data set. In
the analysis, weighting adjustments or imputation methods are used in an attempt to
compensate for these missing data Estimates made from the data set using the
alternative methods of compensation for the missing data are then compared with the
estimates based on the complete data set )

Although the simulation data set was constructed from respondents to all three
waves, it needs to be recognized that not all the data are actual responses. Some
respondents failed to answer some of the items, and in these cases the values in the
data set are the values imputed by the Bureau’s cross—sectional imputation procedures.
Since these imputed values may distort the survey estimates — particularly estimates of
change across waves — some of the results presented below relate only to records
with no imputed values on the variables employed in the particular analysis.

There are weights on the original SIPP records that include an allowance for the

n‘onrespondents at the first wave, that is the total nonrespondents. These weights are
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Table 3

Distributions of Responses across Waves for (a) Having a Job (b) Looking for Work (c)
Receiving Social Security Payments (d) Receiving Food Stamps (e) Having Savings
Accounts (f) Having Certificates of Deposit, all in the Past Four Months

Having
Receiving Receiving Having Certif.
Y=Yes Having a Looking for  Social Food Savings of
N=No Job Work# Security Stamps Account Deposit
% % - % % % %

YYY 55.8 1.7 17.6 33 497 13.0
YYN 23 1.1 0.1 05 26 0.8
YNY 22 0.2 0.1 0.2 1.2 0.2
YNN 28 19 0.2 08 33 1.1
NYY 25 0. 0.6 05 2.7 1.1
NYN . 0.7 1.4 0.1 0.2 04 0.1
NNY 25 1.3 0.6 05 22 09
. NNN 312 218 80.7 841 380 828
100 100.0 1000 1000 100.0 100.0

P(Y) 624 48 185 45 56.0 15.1
PlY21Y 1) 919 56.8 98.5 80.2 922 91.2
P(Y3IY 4} 918 39.1 98.1 733 89.6 86.8
P(N) 376 85.2 815 85.5 44.0 849
P(N2IN1) 916 976 9s8.1 893 929 98.6
P(NgIN¢) - 86.5 97.7 985 99.0 88.7 97.7
P(X1 % X2) 8.2 45 1.0 1.6 75 25
PX1 # X3) 10.1 5.2 1.6 22 10.8 39
No. of persons 18481 11271 18481 18481 18481 18481

*Only for those in the labor force at all waves.

For all items, a very high proportion of those who did not have the item on the
first wave (i.e., the "No’s") also did not have the item on the second or third waves. For
most items, the corresponding result also holds for those who had the item on the first
wave: a high proportion of these individuals also had the item on the second and third
waves. The two items showing least stability in having thé item across waves are

.looking for work and receiving food stamps. Only 56.8% of those looking for work in

the first wave were still looking in the second wave, and only 80.2% of those who

received food stamps in the first wave also received for stamps in the second wave.




not employed for any of the analyses in this paper. The only weights used here are the
weights developed to handle wave nonrespondents, as described in Section 4.

3. Stability of Responses

The effectiveness of a cross-wave imputation scheme that uses the response to an
item for an available wave in imputing for a value on a missing wave depends on how
well the missing value can be predicted from the available response. This section
examines for several SIPP items how well responses for one point of time can be
predicted from responses to the same item for another point of time. The data set
employed for these analyses is the simulation data without the deletion of any of the
responses. Two types of data items need to be distinguished: those that are measured
once each wave and those that are measured monthly, that is four measurements are
collected each wave.

The upper part of Table 3 provides the distributions of responses for a selection
of items measured once each wave with simple Yes (Y) or No (N) responses. The lower
part of the table gives: the average percentage responding "Yes" on a wave, PlY); the
percentage responding "Yes" on the second wave given a "Yes” on the first wave,
P(Y21Y¢); the perdentage responding "Yes" on the third wave given a "Yes" on the first
wave, P(Y 31Y 7). and corresponding percentages for the "No" responses. The
conditional percentages provide an indication of the predictive ability of first wave
responses for later wave responses. Thus, for instance, without prior information,
there is a 37.6% chance that a person does not have a job, whereas if it is known that
the person did not have a job on the first wave, there is a 91.6% ‘chance that the
person did not have a job on the second wave, and a 86.5% chance that the person did
not have a job in the third wave. As can be ;een from the table, there is a fair degree
of stability in the responses to all the items across waves, but the degree of stability
varies between items. The quantities P(X; + X2/ and P(X; + X3/ denote thé overall
p'ercentagéé 6f‘ résponses on the first wa\)e that are different from those on the

second and third waves, respectively.
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*

as missing data and influential outliers of $1500 or more have been removed (ten
records had amounts of $1500 or more in one or more months). The correlations are
based on samples of about 3000 respondents.

Table 4.

Cross-month correlations for Social Security income
amounts from the simulation data set+

1 2 3 4 5 6 7 8 9 10 n

0.99

1.00 0.88

098 0.98 0.99

082 0382 082 082

092 081 092 082 089

092 081 092 082 088 088

093 092 083 0.82 089 089 1.00

092 081 082 092 084 0.93 094 094

082 081 082 092 084 094 094 084 100

11 082 091 082 092 0894 093 084 084 099 100
12 082 091 082 082 093 093 094 0.84 0899 100 1.00

cLONOOAWN

*Excluding.imputed amounts and monthly amounts of $1500 or more.

The results in Table 4 exhibit the same pattern of correlations that Kalton,
Lepkowski and Lin (1985) found with the ISDP 1979 Panel: for a given difference in the
months, the correlations when both amounts are obtained in one wave are appreciably
higher than when they are obtained from different waves. The matrix in fact seems to
partition into two parts: the correlations in amounts for months within a wave are on
average about 0.99 whereas those between amounts for months in different waves are
on average about 0.92. There is ﬁo evidence of a decline in the correlations as the
difference between the months increases. A 3.5% increase in the level of Social
Security payments was introduced in January, 1984. This increase thus applied in
month 8 for rotation group 1, month 7 for rotation group 2, and month 6 for rotation
group 3. As a consequence, the data for months 6 and 7-are mixtures of amounts

frdm beforé and after the increase. This should lead to lower correlations between

these months and other months, but this effect is not discernible.




The results in Table 3 suggest that, in imputing for a missing response, the use of
a previous wave’s value in the imputation procedure will often lead to a good imputed
value. Moreover, the results in Table 3 underestimate the true ;tability of the items
over time for a variety of reasons. First, some of the responses analyzed in Table 3
are themselves imputed values because of item nonresponses: these imputations were
carried out by the Bureau of the Census on a cross—sectional basis, and hence are likely
to introduce instability across waves. Second, a variety of other aspects of the survey
operation are likely to give rise to variability in measurement errors, and hence an
overstatement of instability across waves. These include simple response variability,
changing informants across waves (e.g. self-report on one wave, proxy report on
another), matching errors, and keying érrors. Kalton, McMillen and Kasprzyk (1986)
demonstrate the existence of instability induced by measurement errors with examples
of inconsistencies in race, sex and age (more than a one year change) between adjacent
waves in the 1984 SIPP Panel.

Other evidence on the existence of variability in measurement error between
waves of the SIPP Panel comes from the items that are measured on a monthly basis.
Burkhead and Coder (1985) have noted that for a number of items on recipiency status
for various sources of income more changes in status between adjacent months occur
when the data are collected in different waves than when they are collected in the same
wave. Moore and Kasprzyk (1984) report the same finding with the Income Survey
Development Program 1979 Panel. In the ISDP 1979 Panel, Kalton, Lepkowski and Lin
(1985) found that monthly income amounts from various sources were more highly
correlated from one monthly to the next when the month amounts were obtained in the
same wave than when they were obtained in adjacent waves.

Table 4 provides an example of the stability in response for an émounts item in
the SIPP. The table presents the correlation matrix f'pr the monthly amounts of Social
Seéu‘rity incéme received. Each correlation is based on the sample 6f persons

reporting Social Security income in both of the two months. Imputed values are treated
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Table 5

Percentage Change in Amount of Social Security [ncome in
Current Month Compared to Previous Month+

Percent change from previous month

Within Reduction Increase
w)
or

Between| More than 10% or{ No |10% or More than Sample

B) 10% less |Change| less 10% Total Size

Month wave

September w 0.2 02 992 0.3 0.1 100.0 2970
October wW 0.2 0.3 93.1 0.4 0.1 100.0 1980
B 5.9 225 36.2 26.8 8.6 100.0 948
November w 0.3 1.0 97.7 0.5 0.6 100.0 1978
B 5.4 232 283 36.2 7.0 100.0 962
December w 0.3 05 97.7 1.0 0.5 100.0 2030
B 5.7 259 233 378 . 7.2 100.0 938

January w 0.3 1.0 35.7 61.3 1.8 100.0 3021
February ‘W 0.2 0.1 97.0 23 0.3 100.0 2008
B 55 220 35.9 30.8 5.8 100.0 961

March w 0.0 1.1 8.1 0.6 0.1 100.0 2002
B 46 215 425 26.1 5.3 100.0 970

April w 0.1 0.2 99.1 0.2 04 100.0 2040
B 5.4 18.1 426 27.1 6.8 100.0 851

May w 0.4 0.1 99.1 0.2 0.3 100.0 3042

*Excluding imputed amounts and monthly amounts of $1500 or more.

reported no change; for the rotation for which December was the second and January
the third month, 34.8% reported no change; and for the rotation group for which

December was the third and January the fourth month, 29.0% réported no change.
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The within-wave correlations are extremely high, and suggest that cross—wave
imputations can be extremely effective. The between—wave correlations are lower, but
are still high. It is not clear what the true correlation is. On the one hand, the between-
wave correlations are probably attenuated by variation in measurement errors while, on
the other hand, the within-wave correlations may be too high because respondents tend
to overstate the consistency within a wave.

Table 5 provides another way of showing the consistency of Social Security
income across months. This table gives the distribution of the percentage change in the
amount received from one month to the next. Outliers and imputed values are excluded.
The results are given by calendar months in order to remove the effect that the panel
months relate to different cale.ndar months for different rotation groups. The table
brings out clearly the marked differences between the situation when the amount for
the previous month is obtained in the same wave or from the previous wave. Excluding
January, when the 3.5% increase came into effect, on average 88.5% of amounts
showed no change from the previous month when data for both months were obtained
in the same wave. In contrast, on average only 34.8% of amounts showed no change
when the data for the previous month were collected in the previous wave.

The results in Table 5 exclude imputed values and outliers. When these are
included, the instability of monthly amounts between adjacent months in different waves
increases appreciably. On average only 31.0% of amounts showed no change in this
case, and 19.1% of amounts changed by more than 10%, as compared with 12.1% when
the imputed values were excluded.

The changes in Social Security amounts between December and January should
reflect the 3.5% increase that occurred at that time. Table 5 shows that the majority of
the respondents did indeed report increases in this pe‘riod. but still 35.7% reported the
same amount as in Décember. The percentage reporting no change from December
varies apbreciale with rota.tion group: for the rotation group for which December was -

the first and January the second month in the second wave, 43.5% of respondents
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For items with simple Yes/No responses, "Yes"' answers can be scored 1 and
"No’s” scored 0. Then the MD is the difference in the proportions of “Yes” answers
between the imputed and actual responses, and the MSD is the proportion of incorrect
imputations. Table 6 gives the MD’§ and MSD’s for the item; considered in Table 3 for
imputed values at the second wave (responses patterns XOX and XOO) and at the third
wave (response patterns XX0O and X0O).

The mean deviations in Table 6 represent the differences between the
percentages of "Yes” answers in the imputed values and in the actual, but deleted, values
for those assigned for the simulation to represent wave nonrespondents. Thus, for
instance, the figure of 1.7% in the top left—hand corner of the table relates to the 173
respondents who had their second wave responses deleted in the simulation data set
With the carry—over imputation procedure, they were then assigned their first wave
responses for the missing second wave responses. Based on these imputed values,
73.4% of them were classified as having a job in the second wave. Based on their
actual second wave responses, the corresponding percentage is 71.7%. The difference
between these percentages is the mean deyiation of 1.7% in the table.

With the carry-;aver imputation procedure, a mean deviation of 0 occurs with a
given response pattern when the percentage of the nonrespondents endorsing the item
is the same at the missing wave as at the wave from which the carry—over imputed
values are taken. A review of the distributions of the items in Table 3 shows that for
the total sample the percentages endorsing the items under consideration here are
mostly stable from one wave to the next It is therefore not surprising that most of the
mean deviations for the wave nonrespondents in Table 6 are close to 0. Only four of
the mean deviations are significantly different from zero, and they can be readily
explained. Consider, for instance, the ‘having a job’ item. From Table 3 it can be

calculated that 63.1% of respondents had a job in the first-wave, 61.3% had a job in the

‘second vs}ave, and 63.0% had a job in the third wave. If the same percentages of

second wave nonrespondents had jobs in the first wave as the total sample, 63.1% of '
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These results are consistent with the theory that respondents tend to forget changes
and especially those that occurred longer ago.

In summary, the resulits in this section show that some SIPP items have a good
deal of stability over waves. The exact extent of stability is however hard to assess
because of measurement error problems. These measurement errors confound the
assessment of cross-wave imputation procedures. In our simulation study we evaluate
the carry—over imputation procedure by measuring how well it reproduces the values
that we deleted. Variability in measurement error will cause this evaluation to understate
the effectiveness of cross—wave imputation. Indeed, if much of the change between
waves is attributable to variability in measurement error, it may be the case that for
some purposes the carry-over imputatioﬁs are in fact superior to the actual responses.
4. Quality of Carry-Over Imputations
A standard procedure for evaluating the quality of an imputation scheme in a simulation
study is to examine how well the scheme reproduces the actual, but deleted, values. As
noted in the previous paragraph, this procedure is problematic in the present case
because of the probable variation in measurement errors between waves, but it is
nevertheless applied in this section.

We use two indices to measure the quality of the imputations, the mean (MD) and
either the mean square deviation (MSD) or its square root, the root mean square

deviation (RMSD). The mean deviation is given by
7 A
MD = ;ﬂyi -yl
where y; is the imputed value, y; is the actual value for the ith missing response and n is
the number of imputed responses. The mean deviation is the difference in the means

of the imputed and actual values, and is a measure of the bias of the imputation

procedure. The méan square deviation is given by
MSD = %’i/?,‘ - y)2

It measures the closeness of the imputed to the actual values.
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have significant biases. The carry-over imputation procedure risks serious bias when
the level of endorsement of an item varies appreciably over waves. Some other form
of cross—wave imputation may be needed in this case.

The mean square deviations in Table 6 represent the percentages of incorrect
imputations (e.g., imputing having a job when the respondent has no job or vice versa).
As might be expected, for the second wave imputations these percentages are broadly
similar to the percentages of responses that change between the first two waves in

Table 3, that is, PX; ¥ X2). In the same way, the MSD’s for the third wave imputations

for the XOO pattern are similar to the P(X; + X3/ percentages in Table 3. The

percentage of correct imputations is generally high, but there 1s nevertheless a not
insignificant number of errors made.

We now turn to consider the quélity of the carry-over imputation procedure for
a numerical variable, Social Security income, that is obtained monthly. In this case, the
first carry-over imputation we use assigns the amount for the latest available month for
each missing month. The analysis reported here is restricted to those who receive
Social Security income in the latest available month and in the months for which the
responses are deleted. The analysis does not therefore refiect the effect of changes in
recipiency status for Social Security income. Records with Bureau of the Census
cross—sectional imputations for item nonresponses on Social Security income are
deleted because they would distort the analysis. Monthly amounts of $1500 or more
and changes of more than $200 between months are also deleted (six records had
changes of more than $200 between months).

Table 7 presents the mean deviations (as percentages of the actual monthly
means) and root mean square deviations for Social Security amounts that qualify after
the above exclusions are made. A notable feature of the mean deviations is the
sngmflcant negatlve blases in the imputed amounts from rnonth 7 onwards for the XOX
and X0O0 patterns. These buases may be explained by the fact that with these patterns

the imputed values are carried over from months prior to January, 1984, and therefore




Table 6

Mean Deviations and Mean Square Deviations for Several /tems for
Second and Third Wave | mputations by Response Pattern

Second Wave ' Third Wave
Imputations Imputations
item XOX X00 XXO X00
% % % %
Mean Deviations
Having a Job 1.7 3.0% -2.6%¢ 1.6
Looking for Work+ 0.0 -1.0 2. 10n -1.0
Receiving Social Security -0.6 0.1 -04 0.0
Receiving Food Stamps 0.6 0.1 0.4 0.0
Having Savings Accounts 1.7 3.3%# c.Cc 14
Having Certificates of Deposit 0.6 0.7 -0.3 0.0
Mean Square Deviations
Having a Job 7.5 10.0 8.4 10.7
Looking for Work+ 33 6.0 4.8 6.0
Receiving Social Security 0.6 0.7 1.1 1.8
Receiving Food Stamps 0.6 1.7 1.3 1.3
Having Savings Accounts 7.5 10.0 5.3 12.9
Having Certificates of Deposit 1.7 4.0 28 4.7
Number of imputations 173 767 - 906 767
(Number of imputations for
looking for work item) (123) (484) (578) (484)

+Only for those in the labor force at all waves
*Significant at the 5% level using McNemar’s test
w«Significant at the 1% level using McNemar’s test

them would have jobs imputed to them in the second wave; if they also had the same
percentage of jobs at the second wave as the total sample, 61.3% would in fact have
jobs. Thus the mean deviation, or bias, of the imputation values would be 1.8%. The
XXO wave nonrespondents have their third wave missing responses imputed from their
second wave responses. Assuming that they behave as the total sample, the percentage
with jobs increase from 61.3% to 63.0% between the secqnd and third waves, but the
imvputations will show only 61.3% of them with jobs at the third wave. The bias is

then - 1.7%. Similar explanations apply with the other items where the imputed values
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biases and the RMSD’s are slightly lower than the corresponding ones in Table 7. The
modification thus produces a useful improvement in the imputed values.
Table 8
Mean Deviations and Root-Mean Square Deviations for Social

Security | mputed Monthly | ncomes, Adjusted for January |ncrease,
in the Second and Third Waves by Response Pattern

X0X X00
Month MD+ RMSD MD+ RMSD
5 0.1 10.8 -0.1 237
6 0.3 9.4 0.3 234
7 0.1 9.2 0.8 234
8 0.2 10.7 0.6 202
9 - - -05 299
10 - - -05 299
11 - - -06 30.5
12 - - -1.0 353
Approximate No. .
of imputations 20 20 97 97

+As a percentage of the mean of the actual responses

5. Comparison of imputed and Weighted Estimates
One way to handle wave nonresponse is by some form of imputation, such as the
carry-over imputation'procedure discussed in the previous section. An alternative way
is by a weighting adjustment. This section compares a selection of survey estimates
computed under these alternative adjustment procedures with the estimates computed
from the actual values. .

It is possible to develop a number of different sets of weights to compensate
for wave nonresponse, with the choice of the weights to be used in a particular
analysis depending on the waves from which data are needefi for that analysis (Kalton,

1985). The use of different sets of weights enables use to be made of all the

‘responses on the waves for which data are available, but it adds to the complexity of

the data set. For this investigation, we have developed a single set of weights to

compensate for all wave nonrespondents; this is the approach being adopted by the
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Table 7

Mean Deviations and Root Mean Square Deviations for Social Security | mputed
Monthly I ncomes in the Second and Third Waves by Response Patterns

XOX X00 XXO
MD+ RMSD MD+ RMSD MD+ RMSD
Month % $ % S % $

5 0.1 10.8 -0.1 237 - -

6 -0.6 132 -1.0 24.3 - -

7 =2, 1% 179 -1.4# 24.7 - -

8 =32+ 188 —2.2%% 29.6 - -

9 - - =3.8u# 329 05 16.2

10 - - ~3.8n 328 09 25.1

1 - - —4 0% 335 05 16.2

12 - - -4.3+ 380 0.6 15.8

Approximate No.

of Imputations 20 20 97 97 110 110

+As a percentage of the mean of the actual responses.
»Significant at the 5% level using 2 matched sample ‘¢’ test
#*Significant at the 1% level using a matched sample ‘' test

do not take account of the 3.5% increase that occurred in that month. With the XXO,
the imputed values are taken from months after January énd hence include the increase.

The root mean square deviation bears some similarity to a residual standard
deviation around the predicted values. The standard deviations of the Social Security
monthly amounts in this restricted data set are around $180. The small magnitudes of
the RMSD’s compared with this standard deviation indicate the effectiveness of the
carry—over imputation procedure for Social Security amounts (or?ce the outliers have
been removed).

An obvious modificatibn to make to the carry—over imputation procedure for
Social Security amounts is to increase all amounts carried over from months before
January to January or later by 3.5%. This modification affects only the XOX and XOO
response patterns. Table 8 gives. the mean deviations and root mean square deviations
for this modified carry—over imputation procedure for these two patterns for the same

set of records as Table 7. As can be seen from the table, there are now no significant
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Table 9

Distributions of Responses across Waves for Having a Job in the Wave for
the Total Sample in the Simulation Data Set (a) with the Actual Responses,
(b) with | mputed Responses for Wave Nonrespondents, and (c) with
Weighting Ad justments for Wave Nonrespondents.

(a (b) (e
Y=Yes Actual Imputed Weighted

N=No % % %
YYY 55.8 56.3 55.7
YYN 23 2.1 2.3
YNY 22 20 22
YNN 28 28 28
NYY 25 23 25
NYN 0.7 0.6 0.7
NNY 25 23 25
NNN 31.2 316 313
Total 100.0 100.0 100.0
No. of persons 18,481 18,481 16,635

comparing the estimates obtained for the wave nonrespondents (i) from the actual
values and (i) from the combination of actual and imputed values, where imputed values
are assigned when missing waves occur. In the case of weighting adjustments, the
wave nonrespondents are represented by increases in the weights to the three—wave
respondents. Weighted estimates for the wave nonrespondents can therefore be
obtained from weighted analyses of the three-wave respondents’ data set, where the
weights are now taken to be just the increases in the weights assigned to represent the
wave nonrespondents. Since, for‘the purposes of this study, all respondents in the data
set were given an initial weight of 1, the increase in weight allocated to the ith three-
wave respondent is simply (w; - 7/, where w; is the weight assigned to compensate
for the wave nonresponse.

Table 10 compares the response distributioné across the three waves for three
itérhs for v(/'aveA noﬁreépoﬁdents for (al the actual responses, (b) the data with wave

nonrespondents’ missing values imputed by the carry—over imputation procedure and (c)




Bureau in creating an annual file for the SIPP. The use of a single set of weights has
the attraction of simplicity, but it is wasteful of the data collected on wave
nonrespondents.

The weighting scheme used for this study assigned weights to the 16,635
respondents to all three waves (pattern XXX) to compensate for the 1846 wave
nonrespondents (patterns XX0O, XOX and XOO). Data collected at the first wave were
used to form weighting classes within which the three-wave respondents were
weighted up to represent the wave nonrespondents. The weighting classes were
formed by a classification according to sex, four age groups, three household income
levels, race, three educational levels, whether receiving certain types of welfare or not,
whether in the labor force or not, and whether unemployed or not The classification
was collapsed until all weighting classes contained a minimum of 20 three—wave
respondents. The weights for the resultant classes vary between 1.0 and 1.5.

Table 9 presents the distributions in the total simulation data set for the patterns
of having and not having a job in the three waves (a) for the actual data before the
simulated wave nonrespondents’ values were deleted, (b) for the data with wave
nonrespondents’ missing values imputed by the carry—over imputation procedure, and (c)
for the data with the three—wave respondents weighted up to represent the wave
nonrespondents. Comparisons of these three distributions show that they are very
similar: the actual and weighted distributions are virtually identical, with the imputed
distribution exhibiting some small differences. The noteable feature is that the imputed
distribution overstates the percentages in the consistent patterns YYY and NNN
compared with the actual distribution.

The close similarity of the distributions in Table 9 is not surprising given the
relatively small amount of wave nonresponse. The imputation and the Weighting
adjustments havg little effect on total sample estimat._es. A more insightful analysis is to
egahine hov(: well these two forms of nonresponse adjustments rebresent the wave

nonrespondents. In the case of imputation, this analysis can be readily conducted by
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Table 10

Distributions of Responses across Waves for Three /tems for the Wave
Nonrespondents (a) with the Actual Responses (b} with | mputed Responses for
Missing Waves and (c] with Weighting Ad justments for Wave Nonrespondents

(a b) (c)
Y=Yes Actual Imputed Weighted
N=No % % %

Having a Job
YYY 58.1 63.3 57.4
YYN 24 0.4 24
YNY 25 - 25
YNN 3.2 2.6 3.1
NYY 25 15 26
NYN 0.7 - - 0.7
NNY 27 0.4 27
NNN 27.8 318 28.6

100.0 100.0 100.0
Receiving Social Security Income
YYY 144 14.8 147
YYN 0.3 - 0.1
YNY 0.1 - 0.1
YNN 0.3 0.2 0.2
NYY 0.3 0.3 0.6
NYN 0.2 - 0.1
NNY 0.6 0.1 0.6
NNN 839 84.6 83.7

100.0 100.0 100.0
Having Savings Accounts
YYY 451 499 489
YYN 24 0.7 2.7
YNY 1.2 - 12
YNN 44 24 3.3
NYY 28 1.3 2.7
NYN 0.2 - 0.4
NNY 24 0.8 2.3
NNN : 41. - 448 85

1000 100.0 1000
No. of persons
(sum of weights) 1846 1846 (1846)




the data with the three-wave respondents’ values weighted by (w; - 7). Several
features of the imputed results may be noted. First, the distributions for the imputed
data have zero entries for the patterns YNY and NYN; in fact, these patterns cannot
occur among wave nonrespondents with the carry—over imputation procedure.
Secondly, the patterns YYN and NNY occur rarely in the imputed data set; they can arise
only from the XOX response pattern, and this pattern occurs infrequently. Thirdly, the
imputed data set consistently overestimates the frequencies of the consistent patterns
YYY and NNN: these patterns are indeed the only patterns that can occur with the
response pattern XOO. As a result of these effacts, the imputed distributions deviate
systematically from the actual distributions.

On the other hand, the weighted distributions show no systematic deviations from
the actual distributions. There is, for instance, no tendency to overrepresent the
consistent patterns at the expense of the inconsistent ones. The weighted distributions
do, however, differ from the distributions of actual values in a few places.

As a summary of Table 10, Table 11 presents the percentages of "Yes"
responses for each of the three items by wave. As can be seen from the table, the
percentages of "Yes" responses from the actual and imputed data sets are the same at
the first wave, despite the differences in the distributions across waves noted in Table
10. In fact, these two percentages are necessarily equal, because first wave responses
are available for all, both three—wave respondents and wave nonrespondents. Hence no
imputations are needed at the first wave. On the other hand, with weighting
adjustments, the first wave responses are not retained. In consequence, the
percentages of first wave "Yes" responses do differ between the actual and weighted
data sets.

As noted in Section 3, the carry—-over imputation procedure leads to biased
estimates when the Iével of endorsement of an item changes across waves. Evidence
of this bias can b‘e seen in t.he imputed second wave percentages having a job and

having savings accounts. In both cases, the actual percentages having the attribute
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The estimate from the weighted analysis is 8.3%, but that from the imputed data set is

only 0.8% (arising from the XOX response pattern).
Table 12

Monthly Mean Social Security |ncomes for Wave Nonrespondents Receiving Such
/ ncome (a} with the Actual Responses, (b) with Carry-Over |mputed Values for
Missing Waves, (c) with Carry-Over | mputed Values for Missing Waves Ad justed
for the January |ncrease, and (d] with Weighting Ad justments for Wave
Nonrespondents (Differences from actual monthly means in parentheses)*

(@ (b} (c) (d)
Actual Imputed Adjusted Weighted
$ ’ $ $ $
388 388 (0) : 388 (0) 386 (-2
395 385 (0) 395 (0) 386 (-9)
389 389 (0 388 (0) 385 (-4)
387 387 (0) 387 (0) 386 (-1)
381 382 (+1) 382 (+1) 388 (+7)
383 382 (-1) 384 (+1) 380 (+7)
387 386 (-1) 390 (+3) 394 (+7)
390 387 (-3 393 (+3) 398 (+8)
400 391 (-9 396 (-4) 399 (-1)
395 391 (-4) 396 (+1) 400 (+5)
398 391 (-7) 396 (-2) 401 (+3)
389 391 (-8} 396 (-3 401 (+2)

*Excluding monthly amounts of $1500 or more.

Finally, Table 12 presents the means of the monthly Social Security amounts for
the wave nonrespondents receiving such amounts or imputed to be receiving such
amounts. The figures in this table représent the survey results that would be obtained
by the different adjustment procedures for this class of individual. Unlike Tables 7 and
8, the columns do not relate to the same set of individuals. In particular, individuals
starting to receive Social Security payments after the point at which they were
simulated to be wave nonrespondents are included in the calculations of the means of

the actual amounts in column (a), and individuals who ceased to receive amounts but

_ were assigned amounts by the carry—over imputation procedures are included in the

calculations of the imputed means in columns (b) and (c). Since those starting and

ceasing to receive Social Security amounts tend to receive below average amounts, the
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Table 11

Percentages of "Yes” Responses at Each Wave for Three /tems for the Wave
Nonrespondents (al with the Actual Responses, (b) With |mputed Response for
Missing Waves, and (c} with Weighting Ad justments for Wave Nonrespondents

(a {b) (c)
Actual Imputed Weighted
% % %

Having a Job

Wave 1 . 66.2 65.4
Wave 2 . 65.2 63.1
Wave 3 . 65.2 65.2

Receiving Social Security

Wave 1 15.1 15.1 15.1
Wave 2 15.2 15.1 15.5
Wave 3 15.4 15.2 186.0

Having Savings Accounts
Wave 1 53.1 53.1 56.1

Wave 2 50.5 519 54.7
Wave 3 515 520 55.1

declined from the first to second waves. The carry—over imputation procedure
dampens down the amount of decline, so that the second wave imputed estimates are
too high. As a consequence, the imputed data set gives underestimates of the amount
of net change: for instance the actual change between the first and second waves in
the percentages having a job is = 2.5%, whereas the imputed data set shows a change
of only = 1.0%. The weighted estimates of change do not suffer this distortion;
although they appear less stable, they give better measures of net change.

An even more serious problem with the carry—over imputation procedure is its
effect on gross change. All carry—-over imputations involve no change, so gross change

is underestimated. As an illustration, the actual percentage of wave nonrespondents

bhanging between having and not having jobs from the second to third waves is 8.3%.




change, since all imputed values are assigned the same response as the last available
wave. This simple procedure causes the amount of gross change to be underestimated
by a proportion equal to the proportion of carry—over imputations.

Kalton and Lepkowski (1983) describe some alternatives to the carry—over
imputation procedure that avoid the distortions caused by this simple procedure. These
procedures take account of changes over time by imputing changes for. some wave
nonrespondents. Thus, for instance, if 8% of the respondents change from having to
not having a job between the first and second waves, 8% of second wave
nonrespondents with jobs at the first wave would be assigned changes (and this can be
extended to be applied separately, with different rates of change, in a set of imputation
classes); While these procedures are attractive for reflécting change, they suffer other
disadvantages. Unless great care is taken, they may lead to the imputation of sets of
responses that are inconsistent, and in any case they will cause distortions in the
relationships between some of the responses (see Kalton and Kasprzyk, 1982, Section
3.3). The simple carry—over procedure retains the relationships between responses that
occur on the wave used for imputation; provided that these relationships do not change
over time, ﬂwis is an attractive feature.

As our study of the imputation of Social Security amounts brought out, even the
carry—over imputation procedure should not be applied uncritically with numerical
variables. Social Security amounts in general fall within definite limits, but nevertheless
some outliers do occur. In the simulation data set, there was, for instance, one person
who received $4358 in one month, nothing in the previous month, and only $337 in
each of the two subsequent months. Another person purportedly received $2242 in
one month, $242 in the preceeding month, and $251 in each of the two subsequent

months (an amount 3.5% larger than the 5242 amount. While some of the outliers may

-be erroneous values (as. seems probable in this second case), they cannot always

automatically be treated as such because large payments in a single month are possible.
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means of the actual and the imputed amounts for the third wave in Tai:le 12 are lower
than those that applied for Tables 7 and 8. The general conclusions are, however, the
same: the simple carry-over imputation procedure underestimates the means for the

last six months, but the allowance for the January increase in the modified procedure

{column (c)) provides a reasonable correction for this bias.

The weighted means deviate more from the actual means than do the means for
the adjusted imputed amounts. In the first four months, the imputed means are
necessarily equal to the actual means because there is no wave nonresponse at the first
wave. In the second four months, the imputed means still include actual values for
almost half of the wave nonrespondents (i.e., those in the pattern XXO). This fact helps
to explain why the imputed means track the actual means more closely.

6. Discussion |

The preceding results are extremely limited in scope, but they nevertheless do identify
some factors involved in making the choice between cross—wave imputation and
weighting for handling wave nonresponse. A prime consideration for imputation is the
availability of auxiliary information with high predictive power for the missing waves.
The few examples investigated in this study agree with other results (e.g., Kalton,
Lepkowski and Lin, 1985) that'many of the types of variables included in the SIPP are
very stable over time. Thus, the values of the variables on a missing wave can be well
predicted by the values of the same variables on another wave.

The carry—over, or direct substitution, imputation procedure is one way for
utilizing the available wave data for cross—wave imputations. The procedure has a
notable advantage of great simplicity, but as our analyses have illustrated it fails to track
net changes in means or proportions when these vary over time. The extent of bias in
the survey estimates caused by this failure depends on the degree of net change that |
occurs and the amount of wave nonresponse. It will be small when there is not much
net' change and a low level of wave nonresponse, as will often be the case. More

seriously, the carry-over imputation procedure causes an underestimation of gross
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The choice between imputation and weighting for handling wave nonresponse is
complicated by the fact that the survey data will be subjected to many types of
analyses, involving different forms of estimates and being based on varying-sized
subclasses of the total sample. Since imputation can distort some forms of estimates,
weighting may be the preferred solution for large subclasses when the reduction in
effective sample size is tolerable. However, imputation may be better for estimates
based on small subclasses, when the loss in effective sample size matters and when any
bias caused by imputation is less important relative to the sampling error. The choice of
one or other of these adjustment procedures for multipurpose use must balance out
these considerations. In the case of the three-wave SIPP‘file, the difference in the
effective sample sizes between the imputation and weighting solutions is not great, and
therefore weighting may be the safer general purpose sélution. '
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The assignment of these large amounts to subsequent months by the carry—over
imputation procedure would however create unrealistic longitudinal records.

Weighting has the attraction over imputation that it avoids the above problems.
The weighting scheme employed in the simulation study, however, suffers the
disadvantage that it discards a good deal of information: first wave responses are
available for all wave nonrespondents, but apart from those used in forming weighting
classes, these responses are discarded; similarly, §econd and third wave responses are
available for one-half and one-tenth of the wave nonrespondents, respectively, but
they are also discarded. This discarding of data can be avoided by the use of several
different sets of weights, but this solution adds to the complexity of the data set, and it
can lead to inconsistencies in the results of different analyses. In addition to this
discarding of actual responses, weighting does not take advantage of the high
predictability of many of the wave nonrespondents’ missing values that cross-wave
imputation employs.

No measure of the effective sample size is available for the situation where
imputation is used to handle missing responses. Table 1 shows that there was 10% of
wave nonresponse in the first three .waves of the 1984 SIPP Panel. However, only
4.7% of these responses were missing, and moreover many of the missing responses
could be imputed with little error from other waves. Thus it seems that the effective
sample size is only a few percentage points below the first wave sample size. The
sample size when the simple single set of weights is used is 10% lower than that of the
first wave, and in addition the use of weights decreases the effective sample siz.e still
further. This further decrease may be approximately measured by the multiplying factor
(Xwi)zl(n}:w?), where w; is the weight of the ith sampled element In the simulation data

set, this factor is very close to 1 because of the small variation in the weights. Thus,

the effective sample size with the weighting solution is about 90% of the sample size at

the first wave.
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Chapter 4

LONGITUDINAL IMPUTATION FOR THE SIPP*

Steven G. Heeringa aﬁd James M. Lepkowski
1. Introduction
The problem of item nonresponse in a survey arises when an otherwise cooperative
respondent does not or cannot provide a response to one or more survey questions.
lmputaiion, the estimation of a value fo_r a missing response, is commonly used to
compensate for such item missing data Item nonresponse and its compensation
methods become more complex in the case of a panel survey where a sample of
respondents provides data at a series of points in time. In a panel survey, the item
nonresponse problem can be extended to include wave nonresponse, that is, failure to
obtain any data from a respondent at one or more waves of the data collection
sequence. Whether the data are missing for an entire wave or only for specific items
within a wave, longitudinal survey data can provide additional information which may be
used to improve the quality of imputation for missing values (Kalton and Lepkowski,
18982).

Since panel data are usually collected and processed one wave at a time, imputation
of missing values is often conducted for each wave separately using only the
information available within a wave to derive an imputed value. Such "cross—sectional”
imputations do not take advantage of the information collected at other waves of the
panel. In contrast, longitudinal imputation methods have the capability to use data
collected at other waves, data which may be highly correlated with the item to be
imputed.

The purpose here is to examine longitudinal and cross—sectional imputation methods

for item missing data in the Survey of Income and Prograﬁ ParticipatAion‘(SlPP). The

investigation reported in this paper uses selected survey variables from the first three

‘From Proceedings of the Section on Survey Research Methods, American Statistical
Association, 1986, forthcoming.
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record is uniquely linked to a cell of the hot-deck matrix. To initialize the procedure, a
"cold—deck” or starting value is assigned to each cell of the hot-deck matrix. The
complete SIPP data file is then sorted by geographic characteristics and is passed
through the hot-deck imputation program two times. In the first pass, no imputations
are made, but if an observation has a non-missing value for an item to be imputed, that
value "updates” the current value for the item stored in the hot—deck matrix.
In the second pass of the data, the actual imputation of missing values takes place.

In the sequential order of the file, each record is examined and if the item is missing,
the current value stored in the hot-deck cell for that item replaces the missing value on
the record. If the value of the record is not missing, the non—-missing value for that
case replaces the current donor value for the hot-deck matrix cell. Thus, missing
values for a record are, for the most part, replaced by values from another record that
has the same characteristics used to define the hot-deck cell. For each item receiving
imputations, an indicator variable is added to the SIPP file identifying which values have
been imputed (Bureau of the Census, 1985).

3. Longitudinal Imputation Methods and Models

Longitudinal methods are designed to utilize cross—wave data in imputing the value of a
missing item (Kalton and Lepkowski, 1982). However, the exact form in which the
cross—wave information is used differs from one techinque to another. Five general
classes of longitudinal imputation methods might be considered as an alternative to the
CSHD method:

1) Longitudinal direct substitution. For items that are stable over time, the value
of a nonmissing item is substituted from one time period to another where the
same item is missing. Direct substitution can be a highly accurate form of
imputation in some situations.

- 2) D.eterministig_ imputation of change. Additive or proportionate change from

one time period to another can be computed from the survey data or obtained
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waves of the 1984 SIPP panel to compare the effectiveness of a simple longitudinal
direct substitution technique and that of the Census cross—sectional hot-deck
imputation method. After describing the SIPP design and cross—sectional hot-deck
imputation method in Section I, we review somé longitudinal imputation methods that
could be applied to the SIPP in Section Iil. In Secton IV, the simple longitudinal
imputation method that is applied to the SIPP file is described, and Section V compares
the longitudinal and cross—sectional imputations. The paper concludes with remarks
about further investigations that might be conducted.

2. SIPP Design

The SIPP is a national survey of U.S. households conducted by the Bureau of the Census.

It is designed to provide comprehensive information on both households’ and individuals’
economic status and participation in government programs. It is a panel survey in which
households that participate in a baseline interview are followed and interviewed at 4
month intervals for a total of eight interviews. Interviewing for the 1984 SIPP panel
began in October 1983 with an equal probability sample of about 20,000 households.
(See Nelson, McMillen and Kasprzyk (1985) for a full description.)

The SIPP is designed to meet a range of analytic objectives. Some analyses involve
the data for a single wave while others require data from several waves (e.g., analyses
of annual incomes). Cross—-sectional data collected at each wave of the SIPP are used
to provide important estimates for quarterly reports on income and program
participation. For this purpose, each wave of the SIPP panel is processed as a separate
cross—sectional survey, and item missing data at each wave are handled by cross-—
sectional imputations.

The Bureau of the Census currently uses a cross—sectional hot-deck (CSHD)
imputation for selected item nonresponse on iﬁdividual waves of the SIPP (Neison,
McMillen and Kasprzyk, .1985). The first step in the CSHD procedure is to define a
"hot—-deck” matrix based on a cross—classification of characteristics that are correlated

with the item being imputed. Based on the cross—classifying variables, each individual
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from an exogenous source. Imputed values are created by applying this change

to a non-missing value from an another wave.

3

~

Longitudinal regression imputation. Missing values are predicted from a
regression equation obtained by fitting a model to data with nonmissing values.
In the prediction, the residual term in the model can be set to zero for a
deterministic form of regression imputation, or it can be assigned a value

through a hot-deck or other stochastic procedure.

4

—

Longitudinal hot-deck. Auxiliary cross—wave information available from the
longitudinally linked records is used to form the cells of the hot—deck matrix,
extending the characteristics used in the CSHD procedure. Coﬁtinuous items
must be categorized to form the cells of the hot~deck matrix, reducing the
strength of the cross—wave cérrelations. Nonetheless, the strength of

correlations over time for stable items improves the accuracy of the CSHD

procedure.

procedures are used to impute change from a donor record to the case with
the missing value. The imputed change can be added directly to a nonmissing
value from a prior or succeeding wave or another wave's nonmissing value can
be proportionately altered.
Under these five general longitudinal imputation strategies, the value imputed for the
ith respondent with missing data is derived as y; = f(xyj, X2/, . . . , Xpj/ + ej where f()
is a function of p auxiliary variables and e; is an estimated residual. For the five general
strategies the function f(:) can be expressed as a linear function where
Yi=bo+byxyj+ ...+ bpxpj+e; and the bj's are estimated from data for
respondents with no missing values for y; or the auxiliary variables.
Figure 1' presents simple linear models corresponding to the five general strategies
to illustrate the relative features of the longitudinal imputation strategies. The simplest

model is associated with the longitudinal direct substitution (LDS) method in which a
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potential donor items for a missing value. But instead of selecting one member of the
set as a "donor”, the average of all nonmissing values was imputed for the missing item.

Finally, some SIPP variables such as earnings and wages undergo both systematic
changes ar;d random fluctuation across time. Therefore, short of performing the
evaluation on a complete data set where both the amounts and patterns of missing
values are simulated, it is difficult to choose an appropriéte benchmark to measure the
accuracy of imputations. Simulation can be a useful tool (Kalton and Lepkowski, 1882),
but for the current study it has several drawbacks. First, since the simulation must
operate on a data set with no missing values, the extension of the results to a full data
set requires strong assumptions {or knowledge) about the distributions of the missing
and non-missing values. Secondly, simulation of "missingnéss" would have to be carried
out separately for each variable Qnder study. This would require a large investment in
set-up time and computing funds. By necessify then, the comparison of the CSHD and
LDS imputation methods is presented here simply as a demonstration of what happens
to actual distributions of these variables under the two imputation alternatives.

4. Implementation of the Longitudinal Direct Substitution Method

Using data from.1984 SIPP Panel, an empirical investigation was conducted to test the
feasibility and effectiveness of simple longitudinal imputation as an alternative to
imputations based solely on cross—sectional hot deck methods.

The empirical study used a longitudinal file created from the first three waves of the
1984 SIPP panel. The Bureau of the Census cross—sectional public use files of data
collected in the first three waves were merged to create longitudinal records of various
types. The fourth rotation group of the original 1984 SIPP sample was excluded from
the longitudinal file because data were not collected for the group in the second wave.

From the sample households included in the first three rotation groups, a total of

.31,161 individuals aged 15 and older by the end of Wave 3 had data on at least one of

‘the three waves. A total of 26,992 of these persons had data at all three waves.
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nonmissing value is essentially "carried over” from another wave. Each of the other
methods can be viewed as a modification of the LDS strategy incorporating
proportionate change, additive change, and stochastic variation. For example, the
deterministic imputation of change method can improve the LDS method by including an
additive component of change (a), a proportionate change (cx;), or both additive ahd
proportionate change (a + cx;/ to the "carry—over” LDS imputation.

From this perspective, the LDS method may be viewed as a base longitudinal
imputation procedure to which modifications can be made to address deficiencies in the
quality of the LDS imputations. As an initial investigation of the general longitudinal
approach, a comparison of the LDS to the CSHD imputations will indicate whether
longitudinal methods improve the quality of imputed values. Thus, the subsequent
discussion examines the LDS as a base longitudinal imputation method relative to the
CSHD imputations available in the SIPP data files.

Although the LDS method is conceptually simple, implementation can be complicated,
because cross—wave information may not be available for each record with missing data
on one wave. The general LDS strategy employed in this study was essentially a two
step process. When an item could be carried over longitudinally, the imputation was
made. Otherwise, the Census CSHD imputed value was used as the imputed value.

The LDS method has also been implemented somewhat differently for categorical
and continuous types of variables. For categorical variables, the records with imputed
responses (i.e., with missing data that has been replaced by the CSHD method) were
scanned to determine if an actual value was available at a prior (or a subsequent) wave.
If so, the actual value from the alternate wave was imputed for the missing item. If no
value was available, the original CSHD imputed value was left unchanged. When two
"donor” values were available, but different in value, the value from the "nearest" data
collection wave was imputed for' the missing item. For continuous variables, the LDS

imputation algorithm also scanned the longitudinal data record to identify the full set of

77




‘aneM yoea 10j sesuodsal Alyluow t aue s|ejO} asuodsel wayjx

cLS ovitlt 8E0°L LvL'6 €
SvS o9ttt €oL’l 9/.v'6 c
v'6e 0L6 £66 8GZ0l l eBepn Apnoy
1't9 91¢€ 816°L ¥8L°09 €
L'ty L6C GL8°L v90°€9 4
689 LEB oLv'9 ovv'89 l xsBuuseg Ajyuopy
Gg¢e8 ave €LE 961 ‘Gl €
1'GL 0E€¢C c9¢g 99/°Gl 4
695G Gg'L 9l€ . oLL'L1L l Aouenbeiy Aey
09, ol o714 961 ‘Gl €
v'98 8¢ vv 99/°Gl 4
LOL 158 29 oLL'z1L 1 AsoBeje) sahojdwig
8'8L 9¢ a8 961 ‘Gl €
1'G8 v9 1ol 99/°Gl c
996 £G 06 o._ AL l uonedndoQ
e|qissod sy % Jaquunp) sasuodsay enepn e|qernep
uonenduyl wey) L qor
leupn)ibuo)
yoIym Joy sanjea
Buissiw jo jusoiay
senjeA peyndwy

eleg Asejes pue abep dd (S re6l Yl uy asuodsasuopN way)

4 9/qe4




Each person could have had up to four wage—-earning jobs on each wave. Each job
is represented by a Wage and Salary record which can be linked to a person in the file.
CSHD imputations were made to a limited number of items on these Wage and Salary
records. The empirical work reported here focuses on three categorical and two
continuous variable_s from the Wage and Salary record for which CSHD imputations
were made where needed. The categorical variables were 1) occupation code, 2)
employer category, and 3) frequency of pay. The continuous variables were the wage
rate for hourly paid jobs and total monthly earnings for each of four reporting months
in a single wave. Each of the three categorical and five continuous items (wage rate
plus fc.:r monthly earnings) can be reported for each of three waves in the 1984 SIPP
Panel. The merged data set contains longitudinal Wage and Salary records for a total of
23,005 job reports: 19,223 reports for individuals’ first jobs; 2978 for the second
jobs; 684 for the third jobs; and 120 for the fourth jobs. To simplify the presentation,
results from only the first job are given.

Table 1 presents counts of item responses, both total and missing, by wave for the
Job 1 Wage and Salary variables of interest Among these variables, the item missing
data rates for the categorical items are very small, ranging from a low of 0.16% item
missing data for the Wave 1 employer category variable to a high of 2.45% for the
Wave 3 frequency of pay question. The percentages of item missing data among
earnings items are higher, particularly at the first wave of data collection: 9.37% item
missing data for reports of Job 1 monthly earnings in Wave 1 of the 1984 SIPP Panel.
However, item missing data rates for Job 1 monthly earnings drop substantially at

Waves 2 (297%) and 3 (3.16%).° At 9.7%, the Wave 1 item missing data rate for

*A comparison of the total response counts across waves shows a decline in the
number of cooperating respondents who hold Job 1, the sharpest drop occurring
between Waves 1 and 2 of the panel. From one wave to the next, the change in the
number of Job 1 reporters is a function of both panel attrition due to Type A
(household) and Type Z (individual) nonresponse and responding individuals who no
longer hold Job 1 at a later wave.
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to the next However, Table 2 indicates that, even in instances where no imputation is
involved, a wave to wave change in response value for these variables can occur in as
many as 20% of cases. It is difficult to say what proportion of this observed change is
real, as opposed to a reflection of response error or coding inconsistency.

Table 2

Wave to Wave Consistency in Categorical Variable Values
Under the CSHD and LDS Imputation Methods

No Imputation One or Both Waves Imputed
Job 1 % CSHD % LDS %

Variable | Wave Comparison n Agreement| n |Agreement|Agreement
Frequency 1t02 14,079 813 475 45.8 89.3
of Pay 2to 3 13.111 79.8 478 46.8 947
Employer 1to 2 14,477 95.6 77 779 97.4
Category 2t0 3 13,646 854 43 69.7 100.0
Occupation 1to 2 14,425 784 129 264 721
"Code 2to 3 13.470 788 119 19.3 788

If cases where one or both values have been imputed are compared to cases
without imputations the CSHD imputations lead to a significant reduction in wave to
wave response consistency. On the other hand, the LDS imputation method produces a
high level of cross-wave consistency for these job descriptors. In fact, one might
view the LDS method as overriding thé observed natural variation in responses and
thereby forcing an artifically high level of wave to wave consistency.

The drop in cross-wave consistency for the job records with CSHD imputed values
is so large that it suggests that the level of agreement across waves might be explained
by "chance” alone. In the case of the hot-deck method, a discrete response category is
modeled as an ANOVA-type function of a series of ~categérical factérs ‘(e.g., hot deck
var§ables_ such as age, sex, race, education). If the model is weak, the. probability of a
correct imputation degenerates to the multinomial probability of agreement between thé

true value and a "random” imputation. The greater the number of response categbries
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hourly wage reports is also relatively high but, unlike Job 1 monthly earnings, the
missing data rate for this variable rises slightly at Waves 2 and 3.

It is important to know not only the rate at which responses are missing but also
what proportion of these missing values can be imputed longitudinally. LDS imputation
is possible only when the missing item has actually been observed at a preceding or
succeeding wave. Table 1 also indicates the extent to which missing items can be
imputed longitudinally. Among the categorical variables, the percentage of missing
responses which can be imputed by direct substitution from another wave ranges from
56.5% to 86.4%. Similarly, longitudinal imputation of missing data on the earnings items
appears promising. For example, almost 69% of the missing values for Job 1 monthly
earning at Wave 1 could be imputed using the LDS procedure.

5. Comparison of the CSHD and LDS Imputation Methods

Once the LDS imputations were made, the effect of the CSHD and the LDS imputations
on distributions of the categorical and continuous variables of interest could be
examined. In this section simple frequency distributions and distributions of change in
individual reports from one wave to the next are compared between CHSD and LDS
imputed values for each of the variables of interes.t The LDS method examined here
uses the original CSHD imputed value whenever a substitute value was not available
on an alternate wave. Thus, results for the LDS method will incorporate a proportion
of missing value cases which were imputed by the secondary CSHD technique.

Due to the very low rates of item missing data, CSHD and LDS imputations should
not be expected to have widely differing effects on the overall frequency distributidns
of the categorical variables. For Job 1 Wave 1 employer category and frequency of
pay, there is no difference in the distributions whether the CSHD or the LDS method is
used to impute for missing data. Similar results were observed for Waves 2 and 3 and
for other categorical type variables.

The categdrica! variables are essentially job descriptors, and given that the job was

not changed, their values should not be expected to change significantly from one wave
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Table 3

Imputation of Job 1 Earnings. Comparison of Sample Earnings
Distributions After CSHD and LDS | mputation for Item Missing Data

Imputation Method

Wave Statistic CSHD LDS
All Job 1 Reports

Wave 1 Mean $4,796 $4,750
(n=16,895) Std.Dev. 4,199 4,140
Skewness 1.94 1.84

Kurtosis 6.95 7.00

Wave 2 Mean $5,041 $5,051
n=15,569) Std.Dev. 4,222 4,239
Skewness 1.94 1.86

Kurtosis 6.85 7.03

Wave 3 Mean $5,128 $5,142
in=14,994) Std.Dev. 4,260 4,294
Skewness 1.88 1.83

Kurtosis 6.54 6.88

All Job 1 Reports With One or More Imputed Amounts

Wave 1 Mean $5.510 §5,225
n=2,688) Std.Dev. 4,491 4,174
Skewness 2.32 1.70

Kurtosis -823 9.38

Wave 2 Mean $7.576 $7,896
{(n=485) Std.Dev. 6,118 6.343
Skewness 1.70 1.78

Skewness 3.60 3.86

Wave 3 Mean $§7.447 $7.858
(h=494) Std.Dev. 5,943 6.485
. Skewness 1.73 1.82
Kurtosis _3.62 3.94
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and the more uniform the odds across categories, the more difficult it is to impute the
correct (or matching) value. The Wage and Salary categorical variables for which the
CSHD imputation results in high wave to wave consistency do in fact have either few
categories or highly unequal odds across categories.

For example, the employer category variable with six response categories has as the
largest category "private company” with 82% of the cases. By simply imputing the code
value for this largest category to each missing item, we might expect to be correct
about 82% of the time. For this variable, even a random imputation of respondents’
values will, in expectation, impute a matching value 69% of the time. In Table 2, a two-
wave comparison involving CSHD imputations for this variable shows 78% agreement
from Wave 1 to 2 and 70% agreement from Wave 2 to 3.

Although the small sample sizes and limited set of variables prevent us from drawing
any firm conclusions, the data suggest that the CSHD imputation of these job
descriptors provides only small increases in accuracy relative to what we might expect
by chance alone.

Considering the continuous variables, Tables 3 and 4 compare characteristics of the
earnings variables after CSHD and LbS imputations have been made for item missing
data Table 3 compares the sum of up to four monthly Job 1 earnings values for each
wave of data collection; Job 1 hourly wage rates are compared in Table 4. The upper
panel of each table presents findings for all cases, both those with nonmissing data and
those where a missing amount has been imputed. The lower panel of each table
presents only those cases where one or more component earnings amounts have been
imputed.®

The basic and not unexpected result found in Tables 3 and 4 is that even with item
missing data rates of almost 10% at Wave 1, the choice of CSHD or LDS imputation

appears to -have only a small effect on the statistics examined.

‘Since earnings reports are taken for each month of the reference period it is
possible to have actual ana imputed values in the same wave. In such cases, the wave
earnings totals will be the aggregate of actual and imputed monthly amounts.

83




The findings in Tables 3 and 4 indicate that univariate analyses of the SIPP Wage
and Salary earnings data will not be greatly affected by the imputation methodology that
is used. However, the data presented here give no indication of the effect these
imputation methods have on univariate distributions for population subclasses or
domains. Furthermore, the resu& for descriptive univariate statistics has no implicit
generalization to bivariate and multivariate analyses.

One form of longitudinal analyses of SIPP data is to examine how and why individual
income and earnings change over time. For this kind of analysis, information is needed
on the effects of CSHD and LDS imputations on distributions of micro-level change in
earnings. Table 5 presents the distribution of Wave 1 to 2 and Wave 2 to 3 changes in
individual respondents’ Job 1 earnings. Columns (3) and (4) compare the change
distributions for all cases (actual and ihpmed) having a nonzero earnings amount at each
wave. Column (5) restricts the change distribution to cases where two actual reports
were obtained. Sample distributions of change involving actual-imputed and imputed-
actual combinations of values are described in columns (6) - (9).

Over time, it is expected that the average wages and earnings of panel respondents
should follow an increasing trend. Looking at Table 5, the overall distribution of change
(columns 3 and 4) does show, as expected, a positive increment in Job 1 earnings
between successive waves. For the Wave 1 to 2 change, the average amount of this
increase is appreciably lower when the CSHD method is used to impute for item
missing data Examination of standard deviations and percentiles shows that CSHD
imputation both increases the variability and elongates the tails of the sample distribution
of wave to wave change in earnings. In fact, if the change computation is restricted to

pairs with one CSHD imputed value and one actual response, the result is a distribution
which is highly variable and has many extreme values. Because the number of extrerﬁe
changes imputed by the CSHD rmethod is so large, the distributional statistics
—= particularly the means —- reported in Columns (6) - (9) should be viewed as highly

unstable. These statistics are reported here primarily as evidence of the variability
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Table 4

I mputation of Job 1 Hourly Wage Rates. Corbparison of Sample [ ncome
Distributions After CSHD and LDS I mputation for Item Missing Data

Imputation Method

Wave Statistic CSHD LDS
All Job 1 Reports

Wave 1 Mean $6.58 $6.60
(n=10,456) Std.Dev. 367 367
Skewness 2.23 2.21

Kurtosis . 16.27 16.27

Wave 2 Mean $6.73 $6.76
n=9,4186) StdDev. 3.84 3.84
Skewness 341 3.38

Kurtosis 37.74 37.96

Wave 3 Mean $6.75 $6.76
(n=9,078) Std.Dev. 392 3.79
Skewness 423 3.33

Kurtosis 6133 42.96

All Job 1 Hourly Wage Reports With

One or More Imputed Amounts

Wave 1
(h=9893)

Wave 2
h=1,103)

Wave 3
(h=1,038)

Mean
Std.Dev.
Skewness
Kurtosis

Mean
Std.Dev.
Skewness
Skewness

Mean
Std.Dev.
Skewness
Kurtosis

$§7.23
3.81
1.40
229

$7.18
3.99
224
13.23

$§7.47
4.96
6.32
83.97

$§7.34

373
125
173

$§7.39
3.97
2.09
12.46

$§7.57
3.98
2.33
15.50
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which CSHD imputation can introduce to longitudinal measures such as change in
earnings.

Given that a zero change model is implicit in the direct substitution imputations used
in this exercise, the LDS method should be expected to compress the wave to wave
change distribution about the zero value. In comparing differences between actual and
imputed values, columns (7) and (9) indicate that the LDS method of imputing averages
of actual values for‘a missing earnings report results in changes which average just
slightly greater than zero. (An exception occurs in the estimates of change between
Wave 2 actual and Wave 3 imputed values.) The "compression” effect which the LDS
method has on estimates of change is evident in a comparison of percentile statistics
for the change distributions. For example, in the sampleﬁ distribution of change between
Wave 2 CSHD-imputed and Wave 3 actual values, the 5th and 85th percentiles are
-$10,082 and $8,939. For cases where earnings are not imputed at either wave, the
5th and S5th percentiles of the corresponding change distribution are -$2,659 and
$3.148. The comparable percentiles for Wave 2 LDS-imputed to Wave 3 actual change
are -$1,977 and $1,766.

6. Concluding Remarks

Cross-sectional hot—deck (CSHD) imputation is a practical and timely method for
imputing missing item values on the SIPP Wage and Salary record for an individual wave.
However, the evidence'presented heré suggests that the CSHD method may perform
only slightly better than chance at imputing the correct response to a missing
categorical item from the wage and salary variable set CSHD ifnputations for
continuous wage and salary earnings variables do not appear to appreciably alter the
distributions of these items. However, the impact on both cross-sectional and
longitudinal multivariate distributions is larger.

Given the cross—wave patterns of item missing -data observed in the 1984 siPP

Wage and Salary record, the use of longitudinal imputation methods appears to be

warranted for SIPP longitudinal files. For categorical variables, the direct substitution




@q pinoys pue s|qetsen Alybiy osje ase suwnjod esay U pajsodas sonsnes ey} ‘940jaley | 'senjen o
ur Ayjiqersen jo eaubsp ybiy e 8onpoud - poyisw S7 8y) Jepun suoneyndwn jinejep Buipnjou

‘uonned yum payaidiaiu

Bueyo enem 03 anem ey
~— suonpendun gSH) ey =

(SL2) (GL2) (cvl) tA 48] 818°Cl) [€ov'el) | (EOV'EL) )
SLI'E 26L'8~ 99.L°L 6€6'8 6vL’E 661°E oov'e oN%-yiGe
60L°L- |9€G'G- LI6'L- |280o0Ol- 689°C- olLe- vL6°C- 8IN%-yig
o8v’l 6GE'S a0v’L G629 L1 gve'e 6vv'c ‘A8QPIS
60vCls |[vOv6sS- GE0s 9LvIETs- 698v1s ELGhIs LB6ELS UBBN | Z 8AemM — £ anepn
(e8t) (c8l) (1zoa |(1zo'a) (Z68°L1) (vvEVL) | (YPE'VL) ()
0GL’L G698 061°C vL6°L L6 gecee 14214 8% -WG6
cET'L- |ov9ZL- 68v'c- |06V V- 06L°C- 99.°C- 661 °c- eIN% -G
160°L €169 649°L 206°C S0C'C geve'e 1962 ‘AegpPIS
cv'Les GL8Y6S- | S9ves 82C0EsS~- SteglLs Ev'Gols | 991V0Ls UBBIAl | | 8nepN - Z Bnepn
6 (8) () (9) (S) () (€) t4] ()
uonendwy | uoneyndwy
uoneindwy | uoneynduy uonendw) | uonenduy uonenduwy sa aHd onsnels ejewnsy sbuey)
Sal aHd Sal aHo ON uonnqinsiqg .
ajdweg
sJied |Iv
#[eMoy —peyndwy spoINdwi—jenjoy [emoy-fenjoy eleq jiv

Spoyp uoneindui| gy pue gHSI 19pup) $U0/ING111s1Q 3/dweg jo uosyiedwo) ‘sbujusez | qop uy abuey?) arem o.» arem

S 9/qe/




CHAPTER 5
THE TREATMENT OF WAVE NONRESPONSE IN PANEL SURVEYS’
James M. Lepkowski

Abstract. Unit nonresponse occurs in a survey when data are no? collected
for a sampled unit, while item nonresponse occurs when data are not collected for a
given item for an otherwise responding unit. In panel surveys, partial nonresponse
occurs when data are not collected for one or more waves from a unit which responds
to at least one wave of the panel. Since loss of an entire wave of data is more
extensive than item nonresponse but less extensive than unit nonresponse, wave
nonresponse poses different problems for analysis, and different compensation
strategies may be appropriate. The nature and extent of wave nonresponse in panel
surveys is reviewed and discussed in the context of several large panel surveys.
Weighting and imputation are reviewed as compensation strategies for wave ’
nonresponse, and alternative combined weighting and imputation strategies are also
described The variety and complexities of panel survey designs prohibits the
recommendation of a single stratégy for wave nonresponse in general, but criteria for

developing a suitable strategy are reviewed.

Keywords: Weighting, imputation, longitudinal analysis, nested nonresponse, attrition

nonresponse

1. Panel Surveys and Wave Nonresponse

Missing data in surveys are generally considered to be of two types. In unit
nonresponse survey data are not obtained for a sampled unit, while in item nonresponse
an item or limited set of items is not completed for a unit which otherwise provides a
complete set of responses. These broad categories of missing data are generally
considered to include many other types of missing data patterns. For example, in

household surveys in which all eligible persons in a-sample household are to be

"This manuscript was presented to the International Symposium on Panel Surveys, 18
~- 22 November 1986, Washington, D.C.




method is a practical approach to cross—wave imputations of missing items. For the
continuous variables such as Job 1 earnings, the empirical tests clearly demonstrate the
desirability of longitudinal imputations for missing data on these items. The LDS method
of longitudinal imputation understates change, but this may be preferred to the gross

overstatement of change resulting from the use of the CSHD method.
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rather the review describes the characteristics, strengths, and weaknesses of several
general strategies. Where possible, methods and issues are illustrated with examples
from several large panel surveys.

After a review of the general panel survey and wave nonresponse issues in this
section, Sections 2 and 3 describe characteristics of weighting and imputation as
compensation methods for wave missing data. Section 4 reviews empirical
comparisons of weighting and imputation compensations in data sets with simulated
missing data The paper concludes with an examination of combined weighting and

"imputation strategies in Section 5, and a discussion in Section 6 of criteria that might be
applied in the selection of a suitable strategy for wave nonresponse missing data
compensation. .

Before reviewing specific wave nonresponse compensation strategies, it is useful
to consider several issues in panel survey design that have an effect on the quality of
various wave nonresponse strategies: the purposes of panel surveys, the types of data
collected in surveys, and wave nonresponse patterns are briefly examined.

Panel surveys collect the same information from the same sarﬁple elements over
several different data collection periods (Duncan and Kaiton, 1985). The periods of data
collection or waves of the panel may be temporally contiguous or they may be
separated by periods with no data collection activity. The data may be collected each
wave about the same reference period le.g., the period January 1 to December 31,
1885) for all panel members, or the reference periods may be of varying lengths
covering somewhat different time periods (e.g., since the last interview). Data collection
reference periods are generally contiguous reflecting the longitudinal purposes of data
collection.

Although panel survey data are typically considered t;'xost usefﬁl fér collecting
longitudinal information, particularly the measurement of change over' time, panel
surveys may be used to collect other information as well. For example, the panel data A

may be analyzed at a fixed point in time to obtain cross—sectional information about a
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interviewed, missing data for one or more persons in the household is considered to be
unit nonresponse for the individuals rather than blocks of item nonresponse for the
household. On the other hand, a section of a questionnaire concerning income that is
not completed because of respondent refusal or interviewer error is typically
considered to be a series of item nonresponses.

Panel surveys have an additional type of missing data that has some of the
characteristics of missing data due to both unit and item nonresponse. Partial or wave
nonresponse occurs when one or more waves of panel data is missing for a unit that
has provided data for at least one other wave.

The amount of missing data and the amount of information available about the
nonresponding unit influences the type of imputation strategy employed to compensate

for the missing data. All survey data are missing for unit nonresponses; limited sample
\ _

design information may be the only available data about the nonresponding unit Missing

data from unit nonresponse is typically compensated by weighting. In contrast, item
missing data has more extensive data available about the nonresponding unit (e.g.,
sample design data and responses to other survey items), information that can be used
to improve the quality of the compensation. Usually only a few items on a given record
require compensation. As a result, imputation, which can be a much more intensive
activity than weighting, is typically employed to compensate for item missing data.

The amount of missing data for a record with wave nonresponse is typically more
than that encountered for item nonresponses, but data available from completed waves
provide more detailed information about the partially nonresponding unit than is available
for unit nonrespondents. Thus, weighting, imputation, or a combination of weighting and
imputation may be considered as suitable methods for compensating for missing data
due to wave nonresponse.

The purpose of this paper is to review the nature of and to examine missing data
combensation strategies for wave nonresponse in panel surveys. The review is not

intended to cover every conceivable wave nonresponse compensation strategy, but
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in a survey, continuous, categorical, or limited, must also be considered in examining
alternative wave nonresponse imputation strategies.

Missing data compensation for wave nonresponse typically will be concerned with
several different types of measures at the same time. A suitable compensation strategy
for continuous measures on a missing wave may not be suitable for categorical or
limited measures. Compensation for a limited measure is probably the most difficult
among the three types. For example, it might involve a two stage procedure. First,
whether the individual had or did not have a condition or state represented by the lower
limiting value may be imputed. If the individual is imputed to have the condition, the
other categorical and intervally scaled measures associated with the nonlimiting values
of several measures may have té be imputed. Extensive decision trees may need to be
developed for even the simplest types of panel survey data structures.

The complexity of missing databcompensation for wave nonresponse is increased
by the patterns of wave nonresponse that may occur. For example, the schematic in
Figure 1 indicates several patterns of wave nonresponse that may occur in a three wave
panel survey. Each wave of data collection may cover the same reference period, or as
indicated by the boxes of varying length in Figure 1, they may cover different periods.
In this case, the schematic represents the first three waves of a panel survey with more
than three waves, and the reference periods for the various types of wave response
patterns do not end at the same time point.

The patterns of wave response can be represented for this three wave panel as
a pattern of X’s (representing a wave response) and O’s (representing wave
nonresponse). There are 23-1=7 possible wave nonresponse patterns for the three
wave panel; all but the OO0 pattern are represented in Figure 1.

The frequency of these wave nonresponse patterns will vary across surveys

depending .on the survey topic, survey organization, and a variety of other factors.

Table 1 presents the frequency distribution of respondents to two panel surveys with

similar topics and designs. The Income Survey Development Program 1979 Research




population, even though panel surveys are clearly not the most appropriate design for
obtaining cross—sectional information. Panel surveys are also used to cumulate
information over time. Information known to be subject to sizeable response errors
due to recall loss is collected in a panel survey design to decrease reference periods
and hence reduce recall errors. The panel data are cumulated over reference periods to
provide more accurate information about the cumulated reference period. Cumulation
may occur for intervally scaled data which can be summed across reference periods, or
it may involve the cumulation of rare events or the construction of event histories over
extended time periods. For the purposes of discussion of wave nonresponse
compensation strategies, it will be important to distinguish these three purposes for
panel surveys: longitudinal comparisons, cross—sectional estimation, and longitudinal
cumulation.

The purpose of a panel survey must be taken into account when considering
missing data compensation strategies for wave nonresponse. A compensation method
which provides reasonably accurate results for one purpose may provide poor
prediction for another. For example, an imputation suitable for cross-sectional analysis
of panel data may introduce changes from imputed data on one wave to nonimputed
data on another that are clearly inappropriate (Heeringa and Lepkowski, 1886).

Survey data may consist of many different types of measures. The elements
themselves may consist of intervally scaled or continuous measures, such as income
from several different sources. The data elements may also consist of categorical
measures that represent characteristics of an event or condition of interest, such as the
diagnosis of a medical event during a fixed time period. Limited measures characterized
by a limiting lower value and a skewed distribution among nonlimiting values are also
frequently collected in panel surveys. For exahple. wage and salary income would only
be available from individuals with a wage earning or salary job. In this case the limited -
.measures might also include categorical measures such as the type of employer or

weekly indicators of when income was received. The type of data elements occurring
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of each panel and for persons ages 16 and over in the ISDP panel and 15 and over in

the SIPP panel.

Table 7

Percent Distribution of Person Response Patterns for the First Three Waves of the
ISDP 1979 and S!PP 1984 Panels for Those Responding on at Least One Wave

ISDP
Pattern (Response X/
Nonresponse O) All Wave 1 SIPP
Persons Respondents
Respondents
XXX 80.2 83.3 90.0
' Attritors
XXO 7.2 7.5 49
X00 6.7 7.0 . 42

Non-attritors

XOX 2.3 24 10
OXX 2.2 - —%
(e) (e} 06 - -
0]0) ¢ 09 : - -

* Persons not responding at wave 1 in the SIPP were not followed for
subsequent interviews.

In both surveys, the largest percentage of persons are three wave respondents.
The attrition patterns, in which the respondent appears in an early wave and then fails to
respond at later waves, are the next most frequent patterns. The nonattrition patterns
are the least frequent, and three of these patterns do not appear in the SIPP 1984
panel since wave 1 nonrespondents were not followed at later waves. The percent
distribution for ISDP wave 1 respondents is provided for comparison with the SIPP
c.iis'cril::utionf removing the nonattrition patterns OXX, OXO, and"00X.

| As more waves are considered, the relative frequency of the "complete

respondent” pattern decreases (usually slowly), while the number of patterns increases
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Figure 1

Wave Nonresponse Patterns for a Three Wave Panel Survey

Three wave respondent Pattern

XXX

Wave nonrespondents

XXO

X00

OXX

100).4

XOX

Panel reference period

Panel (ISDP) consisted of residents of approximately 9,000 households who were

interviewed every three months for a total of 8 interviews concerning income and

participation in government programs (Ycas and Lininger, 1981). The Survey of Income
and Program Participation 1984 panel (SIPP) consisted of résidents of approximately
20,000 households interviewed every 4 months for a total of 9 interviews about similar

topics (Herriot snd Kasprzyk, 1984). The data in Table 1 are for the first three waves

85




propensity tends to vary across the adjustment cells as well, the nonresponse
adjustment weights will reduce the bias due to nonresponse. In addition, the effects of
nonresponse adjustment are spread across many respondents in the same adjustment
cell. There will be some increase in the variance of éstimates due to the increased
dispersion of weights, but it will generally be less than weighting methods which match
nonrespondents to a single respondent and add the nonréspondent’s weight to the
matched respondent’s.

Weighting is a global strategy that assigns a geﬁeral type of adjustment for
nonresponse to all the data elements in the survey. Separate weights might be -
considered for each data element to improve the predictive accuracy of the weights for
each item. However, the complexity of analyzing a data set with muitiple weights,
especially for multivariable analyses, precludes the serious consideration of this
approach further in this review. Nonetheless, while the global weighting strategy is a
practical one for implementatio.n, the ability of a set of auxiliary variébles to serve as
adequate predictors for all survey items is limited.

For wave nonresponse, the weighfing strategy is more appealing. Not only are
there many more auxiliary variables available, but also the information collected on other
waves may be highly correlated with the information that should have been collected on
the missing wave. However, more than one weight may be needed in order to satisfy
multiple survey purposes.

Consider the three wave panel survey illustrated in Figure 1, and suppose that
three cross—sectional estimates are to be calculated from the phnel data. one each
during waves 1, 2, and 3. For the wave 1 cross—sectional estimate, the responding
patterns XXX, XXO, XOO, and XOX would have to be weighted to account for the

nonresponding patterns 000, OOX, OXX, and OXO. For the wave 2 cross—sectional

. estimate, the responding patterns are XXX, XXO, OXX, and OXO; the nonresponse

adjustment weight will be different for the wave 2, and the wave 3, cross—sectional
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rapidly. For example, for a 6 wave panel survey there will be 26 - 1 = 63 patterns.
The complete respondent pattern (i.e., XXXXXX) is likely to be the most frequent
pattern, followed by the patterns with one and two missing waves. The other patterns
are each likely to have small relative frequencies, but\cumulatively the other patterns will
not necessarily be a negligible percent of respondents. The more patterns that occur,
the more difficult the task of developing a wave nonresponse adjustment.

In the subsequent discussions of compensation strategies, the number of patterns
and their relative frequencies will be important in comparing different methods.
Sirategies which delete some or all records with wave nonresponse may delete very
little data for panel surveys with only a few waves, but the precision of estimates may
be greatly reduced if a large percent of records are deleted because of wave
nonresponse.

Having examined several general issues in panel surveys and wave nonrespohse,
let us now examine two missing data compensation strategies and their application to
missing data arising from wave nonresponse.

2. Weighting to Compensate for Wave Nonresponse

In a commonly used method of weighting for nonresponse, the sample is divided intc a
number of adjustment cells based on auxiliary information available for both
respondents and nonrespondents. Within the adjustment cells, the weights, which may
be the inverse of the probability of selection for the individual unit, are summed for all
units and for responding units. The nonresponse adjustment is computed as the ratio of
the sum of weights for all units to the sum for responding units. This ratio is applied to
the weights of each of the responding units in the adjustment cell, while
nonrespondents receive a weight of zero.

The use of adjustment cells serves several purposes. lior one, to the extent that
the auxiliary yariables are correlated with the other survey variables, it is expected
under é rﬁissing at random assumption that responding and nonresponding units in each

cell will tend to have similar values for the missing survey items. If the response
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The number of weights needed for léngitudinal analysis objectives can be reduced
if fewer patterns occur. At one extreme, only the three wave respondents (/.e., pattern
XXX) are needed, weighting this group for the complete nonrespondents (/i.e., pattern
000) and the six wave nonresponse patterns. The single weight for the XXX pattern
respondents will meet all three panel survey objectives, cross—sectional, longitudinal
comparison, and cumulation. To the extent that the frequency of the complete
nonresponse and wave nonresponse patterns is small relative to the three wave
respondents, this approach is attractive. But even for a three wave panel there may be
sizeable amounts of data that are discarded with this approach. The precision of
cross—sectional and longitudinal comparison estimates may be seriously reduced.

As illustrated for the ISDP and SIPP panel surveys, the majority of the wave
nonresponse typically is attrition (/.e., patterns XX0, X0O0, and 00O for the three wave
panell. With only the attrition patterns and the three wave respondents, one set of
weights would be needed for each wave: one weight for each wave. Cross-sectional
analysis would use the respective wave weights. Analysis using data from two or more
waves would use weights from the latest wave involved in the analysis.

Little and David (1983) have referred to the attrition patterns of wave
nonresponse as nested patterns, and they have proposed a method for incorporating all
the auxiliary variables into the development of weights for nested patterns of wave
nonresponse. The only auxiliary information available for both first wave respondents
(patterns XXX, XXO, and XOO) and nonrespondents (OO0) are the sample design
variables, denoted by the vector z, such as strata, sampling unit, and characteristics of
those units. As described previously, adjustment cells are created using the design
variables z, and the weight for the first wave is the inverse of the response rate within
each cell. Alternatively, a wave 1 response indicator rq equal to 1 for wave 1
responden_‘;s and 0. otherwise can be regressed on-the design variables z using probit or
logistic regression. The wave 1 weights w1 are the inverses of the predicted means

for the wave 1 respondents given their specified values of z.




estimate than for wave 1. That is, three sets of weights are needed|for cross-

sectional estimation.

If longitudinal comparisons are of interest, other weights must|be used. For

example, comparing wave 1 and 2 requires weighting the XXX and XXO patterns to
account for the other five wave nonresponse patterns and the complete
nonrespondents (/.e., O00). Including the examination of three wave trends, the
longitudinal comparisons require 4 sets of nonresponse weights.

For a panel survey designed to méet both cross—sectional and longitudinal
comparison types of estimation, the three wave panel would require 7 sets of wave
nonresponse weights. The number of weights rapidly increases with the number of
waves: an 8 wave panel would require 28 - 1 =255 weights for both purposes.

If only longitudinal cumulation is of interest, yet a different weighting strategy
may be employed. Each record may be viewed as data available for the portion of the
combined reference period during which the respondent was eligible for the survey.
When information about the respondent’s period of eligibility is missing for some
portion of the reference period, the nonmissing data for the respondent from periods
of known eligibility may be inflated to account for the missing portion. That is, the
respondent’s available data is assumed to be the best predictor of the respondent’s
missing data Thus, the nonmissing data for each wave nonrespondent is weighted to
account for their own period of missing data For example, the wave nonresponse
patterns XX0O, XOX, and OXX would receive a weight of 3/2 = 1.5 to account for the
one missing wave in three. Patterns X0O, OXO, and OOX are weighted by a factor of
3/1. This longitudinal weighting strategy can be generalized from waves to 6ther time
units for which data may be recorded such as months, weeks, or days. For example, if
a wave nonrespondent pattern XXO represented 3 months missing data during a one
year reference period because of wave nonresponse, the -nonresponse adjustment
wei.ghtv would be 12/é = 1.33 (see Cox and Cohen (1985) for an illustration from the

National Medical Care Utilization and Expenditure Survey.)
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and O00). The wave 2 weight is the appropriate inverse of the predicted response
probability for the wave 2 respondents.

Wave 3 weighting for nonnested patterns involves four regressions of the wave
3 response indicator r3 on various combinations of sample design and previous wave
auxiliary data x¢ and x2:

1) rgz regressed on z, x1, and x2 for patterns XXX and [XXO.

2) rgregressed on z and x1 for patterns XOX and XOO.

3) r3 regressed on z and x3 for patterns OXX and OXO.

4) r3 regressed on z for patterns OOX and O0O. .

Analyses involving more than one wave would use the product of these cross-
sectional weights for waves used in the analysis. Thus, !6ngitudinal comparisons of
waves 1 and 2 would use the product w1-w2, which limits analysis to respondents in
patterns XXX and XXO who have nonzero weights for both waves. Longitudinal

analysis of three waves, such as a cumulation, would use the XXX pattern respondents

~ and the product w1 -w2-w3.

The nonnested weighting scheme requires substantially more computation to
develop cross-séctional weights than other schemes. The number of computations
increases geometically as the number of waves increases. In addition, the nonnested
weights suffer from another disadvantage. The number of respondents for a set of
matched patterns may be small, while the number of nonrespondents is large. For
example, for the matched patterns OOX and OOO for the wave 3 weights there are
likely to be few OOX respondents but many OO0 nonrespondents. The resulting
weights could be quite large and variable, adversely affecting the precision of survey
estimates. Some collapsing of the pattern matching will reduce this problem, but at the

price of using all the auxiliary information available for some'patterns. Thus, the OOX

.and 000 patterns might, be matched with the XOX and XOO patterns for the wave 3

iweight regression. But the predictor variables for this group would be limited to the

sample design variables z since x1 is not available for the OOX and OOOQ patterns.




For wave 2 both the deéign variables z and the responses obtained for the wave
1 respondents, say x1, are available for the wave 2 respondents (patterns XXX and
XXO). A wave 2 response indicator r3 is regressed on z and x{ to obtain weights
w2.1 for the wave 2 respondents that compensate for the lost responses from wave 1
to 2. The weight for the wave 2 respondents is then computed as an adjustment to the
wave 1 weight to compensate for the additional losses incurred at wave 2:
w2 = wiwao.q

For a later wave, say the t th, the auxiliary data includes the sample design
variables z and the responses at each previous wave for the respondents at the later
wave: X1, X2, ..., Xg—1. The attrition compensation weight w;.12 ;-1 is computed as
the inverse of the predicted mean for respondents at wave t from the regression of
the response indicator 7y on z, x1, X2, ..., X4—1. The t th wave weight is computed as
We = We-1wei2.t-1

Nested patterns of wave nonresponse can be created by eliminating nonnested
patterns from the collected data, or, as implied in Table 1 for the SIPP, altering the data
collection- strategy to follow only those units that responded on a previous wave. The
elimination of nonnested patterns may reduce sample sizes considerably for panels with
a large number of waves. Thus, weighting strategies for nonnested patterns of wave
nonresponse are also of interest

Unfortunately, the simplicity of the nested situation is largely lost when nonnested
patterns are used. For a three wave panel, the wave 1 weight is based on the
regression of the response indicator r1, that is 1 for respondents in patterns XXX,
XXO0, X00, and XOX (i.e., patterns with a wave 1 response) and O otherwise, on the
sample design variables z. For the wave 2 weight, two separate regressions are
needed. The first regresses the wave 2 response indicator‘ rponz and the wave 1
auxiliary variable; x1 for those respondents with wave 1 responses (.., patterns XXX,
XXO, X00, an>d XOX). The second regresses r2 on just the sample design variables z

for the remaining patterns which do not have a wave 1 response (i.e., OXX, OXO, OOX,
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present with some of the wave nonrésponse weighting schemes presented in the last
section.

While imputation does have a number of attractive features, imputation as a
method of compensating for missing data has major drawbacks as well. Imputation
fabricates data When there is a substantial amount of missing data, imputation gives the
data set the appearance that it is complete. This appearance is misleading and can lead
to a false level of confidence in the accuracy of theAfinc.lings. In addition, imputed
values tend to attenuate the covariance among survey items. That is, the observed
covariation among the responses is biased toward zero by the presence of imputed
values. For analysts concerned with examining the relationships among a number of
variables, some of which may have imputed values, the amount of imputation may be an
important problem to consider in determining appropriaie analytic methods.

Following Kalton and Lepkowski (1983), imputation can be represented in a
general way as the model y; = f(x1j. X2/, ..., X pi) + ej where y; is the value imputed
for the / th respondent, (x) is a function of p auxiliary variables in x, and e; is an
estimated residual. The function #(x) is often expressed as a linear function
8o + Lj Bjx;j where the Bj's are estimated from data for respondents. If the e; = O,
the imputation method is a deterministic one, and the distribution of the imputed variable
may be distorted and the variance attenuated. On the other hand, stochastic imputations
add an estimated residual to the function 7(x), and are generally preferred to
deterministic methods.

The functional form for imputation includes regression imputation through this
linear expression, but it also includes other types of imputation procedures. For
example, imputation class methods are represented by a set of x j’s that are indicator
variables jointly defining the imputation classes. Similarly, the familiar .hot-deck
imputatior} can pe_ \{iewed as a function of auxiliary ivariabl_es defining imputation classes
fﬁf"whic‘h ; mean value is to be assigned. The imputation consists .of the imputation

class mean plus a residual estimated from a randomly selected donor.
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Finally, the nested approach does not necessarily mean that all data for nonnested
patterns must be discarded in analysis. In a three wave panel the nonnested pattern
XOX could be used in the nested weighting scheme by discarding the wave 3 data to
create a nested or attrition pattern for weighting. Although this is the only pattern
which can be used in a three wave panel, panels with more waves will have a number of
other nonnested patterns which can be converted to nested patterns by discarding later
waves of data obtained from re—entrants to the panel.

The simpiicity of weighting for unit nonresponse is reduced considerably for
wave nonresponse by the need to handle multiple objectives. Some wave nonresponse
weighting schemes may involve losses in precision of estimates due to the discarding
of collected data necessary to simplify the Aweighting computations. However, the
increased complexity of wave nonresponse weighting should be considered relative to
the potentially more extensive tasks involved with imputation for wave nonresponse.

3. Imputation to Compensate for Wave Nonresponse

Imputation for missing data is a process in which values are assigned to replace the
missing information, using auxiliary variables to determine the specific imputed value. In
a panel survey, the imputations may be made within a wave by transferring data from a
donor to a recipient. Imputation may also be made across waves within the same unit
by replacing missing information on one wave with data from another wave, or
information may be transferred from a donor using auxiliary information on another
wave to determine the donor-recipient match.

Imputation completes a data set making analysis appear to be easier to conduct
and results easier to present For example, the form of the analysis has to be
considered when deciding which weight to use from the wave nonresponse weighting.
A data set completed by imputation can be used for any analytic purposé without such
conslderatuons lmputatuon also assures that results from analyses that employ cross-—

sectional methods are consistent with those using longitudinal data, a feature not
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and correlation for labor force and income items across the first three waves of the
ISDP 1979 Research Panel. Table 2 illustrates the consistency of several quarterly
categorical labor force and income recipiency items across the first two waves of the
panel as presented by Kalton, Lepkowski, and Lin. (With the rotating panel design of the
ISDP panel, the first three waves cover a nine month period for which three quarters of
labor force data and nine months of income data were collected) A consistent two
wave response is one in which the response is identical for both waves. For receipt of
Social Security income during the three month reference period, 18.3 percent of the
13.151 original sample respondents ages 16 and older with data on both waves were
reported to receive income both waves, and 80.3 percent on neither wave. A total of

98.7 percent of the responses are consistent for the first two waves of the panel.

Table 2

Percent Distribution of Responses Across Waves 1 and 2 of the /SDP 1979 Research
Panel for Original Area Frame Samp/e Respondents Ages 16 and Ol/der

Wave 1/Wave 2 Response

Consis- Sample
Yes/ Yes/ No/ No/ tency Size
Yes No Yes No

Received Social Security
Income . . . 13,151

Received Federal SSI . . . 13,151
Worked in Quarter . . . 13,118
Reasons for not Working

Going to School

Didn't Want to work

Retired

With consistencies indicated in Table 2, a simple carry—over imputation would

assign the correct value a large proportion of the time. (The direction of the carry-
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Kalton and Lepkowski describe a variety of methods for imputing across two
waves of a panel survey; The hot~deck method can impute missing values on a wave
by using the value of the missing variable on another nonmissing wave to determine
imputation classes. For example, consider an income item from a survey such as SIPP
that for a wave nonrespondent is known for wave 1 but missing for wave 2. The wave
1 income values can be categorized and classes formed. The missing wave 2 value for
the wave nonrespondent would then be assigned the wave 2 value from a two wave
respondent who comes from the same wave 1 income class.

Similarly, regression and other item imputation methods can be adapted to use
auxiliary data from another wave in the imputation process. For instance, imputation of
wave 2 income y; given the individt;al’s wave 1 income x; can be represented by the
regression model y; = a + bx; + e;. Cross—wave regression imputation constructs a
new variable § = a + bx; for all individuals, imputing the e;'s for wave 2
nonrespondents, and calculating y; as §; + e; . The e;'s may be imputed by a hot-deck
method, as indicated previously, or some stochastic mechanism can be used to generate
them from a known distribution.

The con#tant and slope terms, a and b, can be obtained from least squares
estimates for the regression of y; on x; for two wave respondents. Alternatively,
assigning 8 = 0 and 6 = 1 without a residual term is a "carry—over” imputation, perhaps
the simplest cross—wave imputation procedure to implement. Setting a = 0 and
estimating b from the respondent data is a model of proportionate change; setting
b = 0 and estimating a from the respondent data is a model of additive change. The
quality of these cross-wave imputations depends on the strength of the correlation for
the same item over time.

Many panel survey items are repeated on each panel wave, and the responses are
highly correlated over time. Responses for an item on one wave will then be powerful

.auxiliary variables for imputing the missing response for the same item on another

wave. Kalton, Lepkowski, and Lin (1985) have found stréng cross—wave consistency
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over imputation could be forward or backward depending on which waves are missing.)
If wave nonrespondents have the same cross—wave consistency as the wave
respondents demonstrated in Table 2, the carry—over imputation is likely to assign a high
proportion of missing wave income recipiency and labor force items correctly.
However, the deterministic carry—over imputation has two basic problems which limit its
usefulness. For one, the distribution of the carry-over imputations may differ from the
nonmissing responses on the wave. The percent of "Yes” responses on wave 1 for
Social Security income is 184 + 0.4 = 18.8, which would be the carry—over imputed
percentage as well. But the actual wave 2 percent "Yes” is 184 + 0.9 = 19.3. In
addition, the carry-over imputation forces stability of responses for wave
nonresponses, attenuating the cross—wave chénges in the data
A stochastic cross—wave imputation method can avoid these deficiencies. For
example, instead of carrying over the response, a stochastic mechanism can be
employed to assign 184 / (184 + 0.4) = 97.9 percent of the wave 1 Social Security
income recipients a "Yes"” response at wave 2, and 2.1 percent a wave 2 "No" response.
Similarly, 89.5 percent of the wave nonrespondents with data on wave 1 but not wave
2 with a "No” response on wave 1 would be assigned a "No" response on wave 2. The
wave 2 stochastically imputed responses will have in expectatioﬁ the same distribution
on wave 2 as the wave 2 nonmissing responses, and they will have changes in Social
Security income recipiency across the waves.
Kalton, Lepkowski, and Lin also present cross—wave correlations from the ISDP
1979 panel for several continuous income amount items, three of which are presented
in Table 3. The 8 x 8 correlation matrix for these items has been summarized by
computing average correlations when the income items were one, two, or three months
apart. In addition, one and two month differences could either be between two monthiy
responses from the same wave or between different waves.
The average cross—month correlations are quite high for the earnings and Social

Security items, and somewhat smaller for unemployment compensation. The

107




improve the explanatory power of the imputation regression model further. Data can
be both forecast and backcast for the OXO pattern, while the XOX pattern can provide
either a forecast or a backcast for the missing wave.

" Of course, the complete nonrespondent pattern OO0 cannot be imputed by
cross—-wave methods. These nonrespondents can be handled as unit nonresponses and
weighted in the usual way, or some within wave imputation procedure such as a hot
deck can be employed. Weighting is easier and probably nearly as accurate a method as
imputation for complete nonrespondents.

Not all panel survey items will be highly positively correlated over time, and hence
would not be good candidates for cross—wave imputation. Health care utilization and
expenditure items collected over a one year period are not likely to be highly correlated
over time for most persons. The Natidnal Medical Care Utilization and Expenditure
Survey (NMCUES) was designed to collect such data from a panel of approximately
17,000 pérsons interviewed four or five times during a one year period (Bonham,
1983). The primary purpose for the panel design employed in NMCUES was to improve
the quality of data collected by decreasing the length of the reference periods through
repeated interviews with the panel over a one year period. Cross—wave imputation was
not considered appropriate to compensate for wave nonresponse because of the low
correlations over time for the principle survey items (Cox and Cohen, 1985).

A few items may actually be negatively correlated over time. For example,
expenditures for an automobile may be negatively correlated over short time periods,
since once such a major purchase of a durable good has been made, the expenditure
will not be made again for some time. Similarly, events such as births will be negatively
correlated over limited time periods. These negative correlations may be useful for
developing cross—wave imputation methods by indicating when an expenditure or event
will not occur in a preceding or succeeding wave.

This aiscussion, and the functional imputation model described previously in the

section, has been concerned with the item imputation problem in which one item is
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correlations within a wave are higher than those between waves, presumably because
of response errors caused by such survey procedures as the use of a proxy report on
one wave and a self report on another. As the number of months between values
increases for the earnings and income items, the correlations decrease. However, for
unemployment compensation, there is a decrease followed by an increase in correlation.
Unemployment compensation has lower cross—month correlations than the income items
to begin with. Further, it appears that there is substantial short term change in the

recipiency <:'>f unemployment compensation, but once the compensation has been
received for a longer period, the arﬁomt of compensation begins to stabilize.

The data in Tables 2 and 3 primarily address two waves with wave nonresponse
on one of them. Imputation could be made forward or backward, depending on which
wave is missing. If both waves are wave nonresponses, the cross—wave imputation
procedures are not applicable, and a back-up within wave imputation strategy may be
needed to complete the imputations for wave nonresponse. This situation may arise in a

panel with more than two waves of data when the processing is conducted wave by

wave. Opportunities for imputation across several waves may not be available in such a

processing environment

For example, in a three wave panel, patterns such as XOO and OOX may appear
to be inapplicable for cross—wave imputation for a given pair of waves, when in fact
the imputations can be made across several waves. Thus, missing waves 2 and 3 for
the XOO pattern can be forecast from wave 1, while missing waves 1 and 2 for the
OOX pattern can be backcast from wave 3. Of course, the longer the period across
which the imputations must be made, the lower the quality of the imputations that may
be expected.

The other three wave patterns present other alternatives for cross—wave
Jimputations as well. The XXO and OXX patterns could use data from the nearest wave
to fofecéét or béckcast, respectively, for the missing wave. Given the decreasing

correlations with increasing time, data from the other nonmissing wave are unlikely to

108




4. Weighting or Imputation?

Weighting and imputation have been described as two separate methods for
compensating for missing data, but they are in fact closely related when analysis of a
single item is considered (Kalton 1983; Oh and Scheuren 1984). The relationship
between the two approaches is illustrated by considering a simpvle hot-deck imputation
procedure. A sample of respondents and nonrespondents is divided into imputation
classes using auxiliary variables available for both, and a nonrespondent within the class
is assigned the value for the missing item from a respondent in the same cell. For
analysis of this sinéle item, this imputation scheme is equivalent to a weighting scheme
in which the weight of the nonrespondent is added to the weight of the matched
respondent who in the hot—deck imputation donated the imputed value. The mean and
variance of the item being imputed are the same undar either missing data compensation
scheme.

Weighting does not typically add nonrespondent weights to individual respondent
weights in order to avoid large increases in the precision of estimates due to increased
variability in the weights. Rather, the respondent weights within the class are all
increased propo.rtionately spreading the adjustment across class members. Imputation
can thus introduce larger increases in the variance of estimates than weighting
adjustments made within classes, although this increase can be reduced somewhat by
appropriate selection of donors (Kalton and Kish 1984) or muitiple imputations (Rubin
1979).

Weighting has several important advantages over imputation. It can be applied as
a global strategy to all variables simultaneously, thus making it a practical method for
missing data compensation. Individual item imputation of many items can be an

expensive and time consuming operation. For practical reasons, full advantage of high

. correlations between survey items over time is not taken advantage of. Thus, separate

' hot-deck imphtations are not performed for each item requiring imputation because it
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imputed at a time. Wave nonresponse presents a set of missing items which could be
compensated simultaneously through the imputation of an entire wave of data The
functional form can be generalized in an obvious way by considering the imputed value
to be a vector of values y; . Item imputation methods can be genen;alized to wave
imputation methods in a straightforward way.

For example, consider imputation of a class mean for missing items. The wave
imputation alternative would assign a vector of class means for the missing items on an
entire wave. Similarly, hot deck wave imputation matches a donor to a recipient using
auxiliary information from the sample design or another wave and imputes the donor’s
data for the missing wave to the recipient. Even regression imputation in its various
forms can be generalized through multivariate regression methods to handle wave
imputation. The simplest form of wave regressiori imputation is the wave imputation of
the version of the carry—over method: all data items that are repeated on each wave are
carried over to the missing wave. The method can be adjusted for known changes that
might occur from one wave to the next, such as a change in the length of the reference
period.

An important advantage for wave imputation compared to repeated item
imputations for wave missing data is, in some forms of wave imputation, the ability to
handle several types of measures simultaneously. For instance, the same form of
regression imputation is not suitable for categorical items and for continuous items,
while two different continuous items may require different regression imputation
models. Limited measures require a separate imputation for assigning the limiting value
and another for assigning nonlimiting values if the limiting value was not assigned in the

first imputation. Similarly, hot-deck imputation for each item on a wave would also be

cumbersome unless several related items are imputed at the same time. Such imputation '

must be designed almost on an item by item basis, an approach that may not be

appropriate for one time (as opposed to rotating) panels with complex interviews.




single wave. But both of these alternatives are unattractive. Weighting also does not
use the full strength of a correlation between an auxiliary variable and an item with
missing data, because the auxiliary variable is often categorized in the formation of
weighting classes. _

Kalton and Miller (1986) have investigated empirically the quality of alternative
imputation and weighting strategies for compensating for wave nonresponse. They
simulated missing waves of data among three wave respondents to the first three
waves of the SIPP 1984 panel, and then made imputation and weighting compensations
that could be compared to the actual values that were simulated to be unknown.

A SEARCH analysis (Sonquist, Baker, and Morgan 1973) was conducted to identify
predictors for four wave nonresponse patterns in the data, XXX, XXO, X0O0, and XOX.
The SEARCH analysis identified a detailed and complex prediction model for the wave
nonresponse patterns which defined a set of 41 subgroups with response rates ranging
from 61.6 to 98.6 percent XXX respondents. A simulation data set was then formed
from the three wave respondents which had fhg same distribution across the 41 groups
by randomly sampling 61.6 percent of the'three wave respondents in each group. The
resulting sample of 18,481 three wave respondents were then randomly assigned a
simulated wave nonresponse pattern within each of the 41 SEARCH groups that
corresponded to the total sample distribution of wave nonresponse patterns for that
group.

Two methods for compensating for wave nonresponse were then applied to the
simulation data set First, a simple carry—over imputation was used to complete items
on missing waves. Second, weights were assigned to 16,635 simulated three wave
nonrespondents to compensate for missing data from 1,846 simulated wave
nonrespondents (/.e., wave nonresponse patterns XX0, X00, and XO*). Woeighting
classes were formed using the survey variables agé, sex, household income, race,
edﬁcatioh Iével, whetﬁer receiving certain types of welfare, whether in the labor force,

and whether unemployed. The classes were collapsed until all classes contained a
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would be prohibitively expensive. Rather, blocks of similar variables are imputed on the
same hot-deck run to reduce the cost of imputation.

Weighting also has the advantage of preserving the observed realtionships among
survey variables, provided large amounts of data are not eliminated in the weighting
procéss to simplify weight development and use. Increasing the weight of a respondent
record effectivély reproduces the observed relationships for the proportionate increase
in the weight Imputation manufactures data that can attenuate the covariances among
survey variables (Santos 1981; Kalton and Kasprzyk 1982). The manufactured data can
even be inconsistent with other variables on the record. Much survey analysis is
concerned with relationships among variables examined through cross—tabulations and
regression analysis. Imputation can seriously attenuate the strength of observed
covariances, and thus reduces the ability to detect important relationships in the data
(Lepkowski, Stehouwer and Landis. 1984, provide an example). This attenuation extends
to the effects item imputation can have on measures of change over time. Heeringa and
Lepkowski (1986) report on a comparison of a simple cross—wave carry-over
imputation to a within wave hot-deck imputation that between wave change is seriously
distorted by both procedures.

Imputation has an important disadvantage: it fabricates data The completed nature
of an imputed data set is a seductive feature of imputation which can lead to
inappropriate analysis. Analysts will tend to treat the imputed values as real values in
variance estimation, for instance, and will have greater confidence in survey results than
may be warranted because the precision of survey estimates has been overstated by
the presence of imputed values.

Of course, weighting is not without its disadvantages. The number of different
weights needed for multiple analytic objectives in a panel survey can be sizeable,
especially as the nurﬁber of wave nonresponse patterns increases. Reducing the
number ovf pﬁttefns can be .accomplished through elimination of data or alteration of

data collection procedures to avoid following panel units that fail to respond for a
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Table 4

Percent Distribution of Responses Across Waves for Two [tems for Wave
Nonrespondents and for Weighting Adjustment for Wave Nonrespondents

Wave Nonrespondents

Response Pattern - Weighted
Actual Imputed Adjustment
Having a Job

YYY 58.1 63.3 574
YYN 24 0.4 24
YNY 25 - 25
YNN 3.2 2.6 3.1
NYY 25 1.5 26
NYN 0.7 - 0.7
NNY 2.7 ‘0.4 2.7
NNN 27.8 31.8 286

Having Savings Accounts

YYY 45.1 499 48.9

YYN 24 0.7 27

YNY 1.2 - 1.2

YNN 4.4 24 3.3

NYY 2.8 1.3 2.7

. NYN 0.2 - 0.4
NNY 24 0.8 23

NNN 415 449 385

Number of persons 1846 1846 16,635

data, compared to 14.0 and 13.4 percent for the actual data. The carry—over
imputations are forcing more cross—wave stability in the data than is correct

In contrast, the weighted distribution agrees fairly closely with the actual
distribution for both items. For “Having a Job” the weighted distribution overestimates
the NNN pattern and underestimates the YYY pattern somewhat, while for "Having
Savings Accounts” there is a more serious underestirpation' of the NNN pattern and
overestimation o'f th'e YYY pattern. Nonetheless, the weighting adjustment estimates
virtually the same percent ;af change patterns as the actual distribution, 14.0 and 13.6

percent for the two items, respectively.




minimum of 20 three-wave respondents. The wave nonresponse adjustment weights
ranged from 1.0 to 1.5.

Several analyses were conducted to compare the quality of estimates computed
using the imputed data and using the weights and three wave nonrespondents.
Comparison of overall survey estimates would not be particularly sensitive to the
effects of imputation or weighting for the 10 percent of the sample which had wave
nonresponses on at least one wave. The imputed data can be compared directly to the
actual data for the wave nonrespondents alone to assess the quality of the imputations.
Since the weighted data does not contain the wave nonrespondents, a direct
comparison of weighted and actual estimates for wave nonrespondents is not possible.
However, noting that the increases in weights for three wave nonresponses reflect the
adjusment to the three wave respondents for missing data due to the 1,846 wave
nonrespondents, the factor (w; = 1), where w; is the weight for the / th three wave
respondent, is the increase in weight assigned to compensate for wave nonresponse.
Thus, weighted estimates using the weighting factor (w — 1) are compared to estimates
computed using the actual and imputed data for wave nonrespondents.

Table 4 presents the distributions across the three waves of "Yes" responses for
two survey items for the actual and imputéd data for wave nonrespondents and for
three wave respondents weighted by the added weight assigned to adjust for wave
nonresponse. The YNY and NYN patterns for both items do not have any imputed values
because with the carry-over imputation and the wave nonresponse patterns occurring in
the data these patterns cannot occur. In addition, the patterns YYN and NNY occur
rarely since with the carry—over imputation they can only occur in the pattern XOX, an
infrequent wave nonresponse pattern.

As a result of the poor representation 6f these four patterns in the imputed data,

the joint distribution for wave nonrespondents with imputed data does not correspond
| to the actual distribution well. The patterns which represent change (i.e., YYN, YNY,

YNN, NYY, NYN, and NNY) are only 4.9 and 5.1 percent of the patterns in the imputed
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Table 5
Marginal Distribution of "Yes” Responses for Each Wave for Two /tems for Wave
Nonrespondents and for Weighting Ad justment for Wave Nonrespondents

Wave Nonrespondents

Weighted
Actual Imputed Adjustment
Having a Job
Wave 1.......... 66.2 66.2 65.4
Wave 2 .......... 63.7 65.2 63.1
Wave 3.......... 65.8 65.2 63.1
Having Savings Accounts

Wave 1.......... B3.1 : 53.1 56.1
Wave 2.......... 50.5 519 54.7
Wave 3.......... 515 52.0 55.1

monthly basis, four months per wave, totaling 12 monthly reports for the three panel
waves. The carry—over imputation assigned the amount from the latest available month
for each missing month. In actual cross-wave impdtation, the recipiency of Social
Security income would have to be imputed first, followed by the imputation of the
amount (i.e., a limited measure requiring a two stage imputatiop). In the simulated data
set, if recipiency were imputed to a person who did not receive Social Security, there
would be no actual value to compare an imputed income to. Direct comparison of
actual and imputed values cannot then be made, although a comparison of monthly
means can be made.

Since one part of their investigation involved direct comparisons of actual and
imputed values, Kalton and Miller imputed across waves only when the simulated wave
nonresponse was known to be a recipient in the missing wave. Thus, their resuits

concern recnpuents of Socual Security income in the nonmissing and the mxssnng month..

In addmon they excluded records which had received Bureau of the Census hot-deck
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The deficit of change patterns for the carry—over imputations is even more
apparent when gross change is examined. From wave 1 to 2, actual gross change is
8.9 percent (i.e., patterns YNY, YNN, NYY, and NYN), but the carry—-over imputations have
only 4.1 percent. But the gross change from wave 1 to 2 for carry—over imbutations is
composed entirely of the YNN and NYY patterns, most of which is change from a
pattern with no missing data on waves 1 and 2 (i.e., XX0). At the same time, gross
change from wave 2 to 3 is 8.2 percent, but the carry—over imputation estimates only
0.8 percent wave 2 to 3 gross change, attributable solely to the XOX pattern.

Despite the attenuation of change for these two items by the carry—-over
imputations, the percent of "Yes" responses for each wave for the carry—-over
imputations agrees fairly closely with the actual distribution. Table 5 presents the
marginal distributions of "Yes" responsés for each wave for both items. The percent
"Yes" for the first wave carry—over imputations must be identical to the actual percent
since there is no wave nonresponse for wave 1 in the simulation data set The
weighting adjustment does depart from the actual percent since the responses for

wave nonrespondeﬁts on waves two and three are deleted from the data set and must
be compensated for.

Although the marginal wave distributions do not demonstrate the dramatic
attenuation of change shown for the joint distributions for the carry—over imputation,
the effects are still apparent in the change from first to second wave percentages. The
actual percentages decrease 2.5 and 2.6 percent from wave 1 to 2 for the two items,
respectively. The carry—over imputations only decrease 1.0 and 1.2 percent,
respectively, reflecting a dampening of the actual cross-wave change. In contrast, the
weighting adjustments decrease 2.3 and 1.4 percent, respectively. Although still
underestimates of wave 1 to 2 change, the weighting adjustments do not distort the |

distributionvof change as much as the carry-over imputations.
| Kalton and Miller also compared carry-over and weighting adjustments for a

continuous item, Social Security income. Social Security income was reported on a
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imputations from a month before January, 1984 to January or later were increased by
3.5 percent.

The monthly means computed after this adjustment are given in the "Adjusted
Imputed” column in Table 6. ‘The underestimation of the carry—over imputation is now
corrected for the second wave, although the adjusted imputation means still tend to be
smaller than the actual means for the third wave. Kalton and Miller indicate that this
deficit is related to the restrictions imposed by imputing only to persons known to be
Social Security recipients on the missing wave. In addition, in the second wave almost
one-half of the wave nonrespondents still have an actual value for the four months in
the wave, while the proportion is lower for the third month. Thus, there is more carry-
over imputation for the third than for the second wave.

Kalton and Miller note that it is dffficult to draw general conclusions from such
limited investigations. Nonetheless, they do find the quality of the weighting adjustment
for wave nonresponse to be comparable to, if not better than, the simple carry-over
imputation. The weighting adjustment preserves the cross-wave relationships observed
in the actual data, and aithough the means and percents do not agree with the actual
means and percents, the departure is not large. On the other hand, the weighting
adjustment does discard 10 percent of the record's decreasing sgmple sizes and the
precision of weighted estimates. The loss of precision is small in this instance with only
three waves and 6 wave nonresponse patterns discarded. However, if the full 8 or 9
waves of the SIPP 1984 panel had been available for their investigation, the amount of
data discarded would have been larger. It is unlikely that weighting complete wave
respondents would be a preferred strategy with larger amounts of discarded data.

5. Weighting and Imputation

Given the at times complementary strengths and weaknesses of the weighting and
imputation .strategies, it i§ natural to consider whether compinations of the two
abproaches would be suitable. For example, imputation could be used to compensate

for some wave nonresponse patterns, and weighting could be used to compensate for
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imputations for Social Securit;: income, and months with extremely large Social Security
incomes or large changes from month to month were also excluded.

Table 6 presents monthly mean Social Security income for the 12 months of
the three wave reference period. As before, the first wave did not have missing data,
and the imputed and actual mean monthly incomes are identical. The weighting

adjustment estimates tend to be smaller than the actual means for the first wave.

Table 6

Mean Monthly Social Security |ncome for Wave Nonrespondents Receiving Social
Security Income and for Weighting Ad justment for Wave Nonrespondents

Wave Nonrespondents
Weighted
Month Adjusted Adjustment
Actual Imputed Imputed#*

1 388 388 388 386

2 395 395 395 386

3 389 389 389 385

4 387 387 387 386 .

5 381 382 382 389

6 383 382 384 3380

7 387 386 390 394

8 390 387 393 398

9 400 391 396 399
10 395 : 391 396 400
1M 398 391 396 399
12 399 391 396 401

»Carry-over imputed values adjusted for a January, 1984, cost of living increase of
3.5 percent

In the second and third waves (i.e., months 5 to 12), the monthly means for the
carry—over imputations consistently underestimate the actual means. In January, 1984,
Social Security recipients received a 3.5 percent cost of living increase. Carry-over
imputations from a month before January to January or a later month will consistently
" underestimate the monthly Sociél Secdrit‘y income because they will not properly
account for this increase. To compensate for this known increase, and to attempt to

bring the means for carry-over imputations closer to the actual means, all carry—over
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interviews while others have four or five. In such a case, the decision about whether to
handle wave nonresponse with imputation or weighting might be based on the
proportion of the cumulative reference period that is missing. Records with missing
data for more than a fixed fraction (e.g., one-half, one-third) of the reference period
would be handled by weighting, and the others by imputation.

To reduce the amount of data fabrication, imputation could be used to convert
some nonnested patterns into nested patterns. The cross-section and longitudinal

weighting suggested by Little and David could then be used fo compensate for the

- remaining wave nonresponse. For example, for the three wave panel, the nonnested

patterns OXX and XOX could be completed by imputation, the nested patterns XXO and
XO0O0 remain nonimputed, and the nonnested patterns OXO and OOX deleted. This
combination retains more of the data than does the imputation to complete records,
since the pattern XOO that was deleted fér the previous combiration is retained. In
addition, less data is fabricated under this combination than under the previous one
since the XXO pattern, which is likely to be a common wave nonresponse pattern, is not
imputed. On the other hand, this combination of comgleting nested patterns and then
weighting requirés more complicated weighting than the previous combination.A
Completing nested patterns and weighting is therefore less attractive than the previous
combination which yields a single weight

Another type of combination is to use imputation for those data which can be
imputed well (e.g., the same item across waves, highly correlated across time), and use
weighting for other items (e.g., topical items asked only one time). However,
presumably there will be analytic interest in examining relationships between items asked
on every wave and topical items. It is not clear how one should handle the analysis of
items which have different weights within the same record. '

Fmally the need for different weights for different analytic needs can be avoided

'to some extent by providing data sets suitable for different types of analysis. For

example, the SIPP is producing individual data sets for each wave with weights suitable
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the others. There are many possible combinations, the choice among them depending
on such characteristics as the panel design, analytic purposes, and types of data
collected.

For example, for the three wave panel design, imputation could be used to
complete the wave nonresponses for those missing only one wave (/.e., patterns XXO,
XOX, and OXX). The remaining patterns would be deleted, and a single weight
developed to compensate for them. Thus, records with two waves of data are retained
for analysis, and imputation is used for at most one missing wave on a record. Cross-
wave imputations would have to be made across only one wave, using the higher
correlations of data closer in time. For the ISDP 1979 panel, 11.7 percent of the
persons responded on at least two of the first three waves, and they would receive
imputation for the missing wave’s data Another 7.9 percent had two waves of missing
data, and they would be compensated (together with the unit nonrespondents) by
weighting. If the imputations do not involve cross-wave imputation for the same unit,
imputations could be done with or without the deleted records. If a hot-deck form of
imputation is being used, it seems preferable to retain the deleted records in order to
increase thé number of donors available 'for matching.

When there are more than three waves, or the panel waves vary in length, the
decision about which patterns should be imputed and which deleted is more difficult
For example, in a six wave panel patterns with one or perhaps two missing waves are
candidates for imputation, and four or five missing wave patterns are perhaps most
appropriately weighted. But the three wave patterns might be handled either way. The
wave pattern XOXOXO might be a good candidate for imputation, while the pattern
XXO00X might be better compensated by weighting.

Variable length reference periods and variation in the number c\; scheduled
interviews that a panel mgmber is scheduled to recéive will influence the amount of
miééing data present due to wave nonresponse as well. For examble, because of field

operations scheduling, some panel respondents have only three months between

121




suJajied pajsep

+ + o o o 818|dwo) 0} uoneynduyy

SjuapuodseJuop anepn
+ o o o o 818|dwo) 0} uonenduy;
) saibeiens pauiquo)
- + —/++ - - - - uoissaubay
uoneyndui] Wway)
- + o + + %08 10H anem-sso.)
- + -/+ o + Jano-Aue)
uoneinduwl] arepn
++ + + + o suJajled pajsauuopn
+ o + + o suianed pejsanN
+ - - + ++ ++ sjuapuodsauoN anepn 839|dwo?)
BunuBIa

sdiysuonejay uoisIalg Aoeunooy Ayqixaly Ayjeonoeuy

4O uonenussauid

- ABejesys uonesuadwo)

1491110 |819U39 8A14 104 s31691€1)S UO IESUSDWOD ISUOdSaIUON aAeM JO syIbUaNS e ay

2 94nb1y4




for conducting cross-séctional analysis. It is also producing a longitudinal file
composed of complete 8 or 9 wave respondents with a weight compensating for the
wave nonrespondents deleted from the longitudinal file. Cross-sectional results
obtained from the longitudinal file will not be consistent with those from the cross-
sectional data sets, nor will they be comparable tc longitudinal analyses based on linked
cross—sectional data sets. This particular approach illustrates that the treatment of
wave nonresponse does not need to be limited to the production of a single data set to
be used for multiple purposes. | |

6. Selecting a Wave Nonresponse Compensation Strategy

The complexity of panel survey design and analysis precludes the recommendation of a
single strategy for compensating missing data from wave nonresponse. The specific
strategy must be developed with a consideration of such factors as the major survey
design objectives, the panel design, the distribution of patterns of wave nonresponse,
and the survey data collection organization’s capabilities. For the purpose of guiding the
choice of a wave nonresponse adjustment strategy, the relative strengths of adjustment
strategies described in previous sections are illustrated by comparing their ability to |
meet several criteria. The comparison is summarized in Figure 2.

Three weighting, three imputation, and two combined strategies are examined. In
complete wave nonrespondents weighting, the units that responded on all panel waves
are weighted to account for all wave nonrespondents. Nested pattern weighting uses
only the nested wave nonresponse patterns to compensate for all other units, while
nonnested pattern weighting matches various patterns of wave nonresponse prior to
weighting. The nested and nonnested pattern weighting leads to multiple weights, 6ne

of which must be chosen as most appropriate for each analysis.

The simplest imputation strategy is to carry-over data from a fesbonding wave to

a nonresponding wave for_ the same unit The cross-wave hot deck matches donor and
recipient using data from a responding wave, and then transfers donor data on the

nonresponding wave to the recipient Both of these procedures can impute entire
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weights. However, both combined strategies require considerable effort to implement
since both imputation and weighting must be done.

The flexibility criterion refers to the ability of the procedure to handle muitiple
data types in the data record. Clearly, the global weighting strategies are the most
flexible procedures. Wave imputation procedures can handle multiple data types easily
as well, although to the extent that there are items on a wave not appearing on ancther
wave, wave imputation will not cover all data items, and other imputations must be
made. Regression imputation is clearly at a disadvantage when there are multiple data
types. The combined strategies are adequate provided that some type of wave
imputation can be used prior to weighting.

Accuracy refers to the ability of the compensation procedure to correctly predict
the missing value. Kalton and Miller and others (Cox and Cohen 1885; Ghangurde and
Mulvihill 1980} have found little difference in the accuracy of weighting and imputation
for cross—-sectional estimation, but some forms of imputation are inaccurate for
longitudinal purposes. Regression imputation can be highly accurate provided the model!
is correctly specified The combined strategies éhould be no more accurate than the
weighting strategy overall.

The precision of estimates depends on the Vsample size available. Weighting
strategies which delete records will necessarily produce less precise estimates than the
other approaches. The more records deleted, the less precise the estimates. The
combined strategies will be less affected by deletion of wave nonrespondent records
since some wave nonresponses have been completed by imputation.

The final criteria in Figure 2, preservation of relationships, is clearly a feature of
weighting strategies. The nonnested pattern weighting preserves more of the
relationships that the other two strategies since more of the data are retained under this
strategy than the other two. The combined strategies will also be strong on this criteria ‘
sinée the impUtation that is made will be limited and unlikely to attentuate the strength of

relationships in major ways.
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waves of data at one time. The regression imputation uses a regression model with
such auxiliary data as the response to the same item on another wave to predict the
value of a missing item. The regression imputation procedure must be done one item at
a time.

I mputation to complete wave nonresponse patterns can be combined with
weighting for patterns which are not completed by imputation as another strategy. An
alternative strategy begins with imputation to complete nested patterns, which reduces

the amount of fabricated data but introduces the need for multiple weights with a

nested weighting strategy to compensate for nonnested patterns that are deleted.
Many criteria could be used to compare these various criteria, but five broad
ones are shown in Figure 2. Practicality refers to the ease of implementation of the
strategy. There are no widely available general purpose computer programs to
implement the strategies described here. For a continuing survey operation, special

purpose software can be developed which can be used repeatedly across muitiple

implement one of these approaches is infeasible.

The complete wave nonrespondents weighting is likely to be the easiest to
implement and use for one—time survey operations, while the other weighting strategies
will be more difficult to implement and use. Nested and nonnested pattern weighting
have a series of large probit or logistic regression models to estimate, plus a choice of
weights each time an analysis is made. The wave imputation strategies may be more or
less difficult to implement than the weighting strategies depending on how much of
each wave is a repetition of items from a previous wave. The regression imputation
strategies will be the most difficult of all the strategies to implement because of the
need to develop regression models. On the other hand, all imputation strategies will be
easier to use than nested and nonnested weighting strategies since at most only one set .

. of weigﬁts need be considered in analysis. The combined strategy beginning with

imputation to comp/ete nonrespondents has the analytic .advantage of only one set of
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weights. However, both combined strategies require considerable effort to implement
since both imputation and weighting must be done.

The flexibility criterion refers to the ability of the procedure to handle multiple
data types in the data record. Clearly, the global weighting strategies are the most
flexible procedures. Wave imputation procedures can handle multiple data types easily
as well, aithough to the extent that there are items on a wave not appearing on ancther
wave, wave imputation will not cover all data items, and other imputations must be
made. Regression imputation is clearly at a disadvantage when there are multiple data
types. The combined strategies are adequate provided that some type of wave
imputation can be used prior to weighting.

Accuracy refers to the ability of the compensation procedure to correctly predict
the missing value. Kalton and Miller and others (Cox and Cohen 1985; Ghangurde and
Mulvihill 1980) have found little difference in the accuracy of weighting and imputation
for cross—sectional estimation, but some forms of imputation are inaccurate for
longitudinal purposes. Regression imputation can be highly accurate provided the model
is correctly specified. The co;mbined strategies should be no more accurate than the
weighting strategy overall.

The precision of estimates depends on the sample size available. Weighting
strategies which delete records will necessarily produce less precise estimates than the
other approaches. The more records deleted, the less precise the estimates. The
combined strategies will be less affected by deletion of wave nonrespondent records
since some wave nonresponses have been completed by imputation.

The final criteria in Figure 2, preservation of relationships, is clearly a feature of
weighting strategies. The nonnested pattern weighting preserves more of the
relationships that the other two strategies since more of the data are retained under this
strategy than the other two. The combined strategies will also be strong on this criteria ‘
sinée the imphtation that is made will be limited and unlikely to attentuate the strength of

relationships in major ways.
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On the whole, the weighting strategies appear, on these limited criteria, to be
preferable procedures for compensating for wave nonrésponse than the others. They
are weakest on the precision criteria but stronger on the other criteria The combined
stategies retain some of the strengths of the weighting strategies, but generally appear
to be an intermediate choice between weighting and imputation.
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