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ABSTRACT 
 

There are many areas where important theoretical advances have been made in the last decade.  A few examples are 
analysis of data with imputations, variance estimation in multiphase sampling, disclosure protection, data mining, and 
small area estimation.  The internet has also opened up new possibilities for data dissemination.  Some of the main 
practical challenges in the next decade are to put into practice techniques that we already know to be superior to ones now 
being used.  The areas discussed in this paper are variance estimation in the presence of imputations with an application to 
price index estimation, multiphase sampling, and the use of graphics in publications. 
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1.  INTRODUCTION 
 

Widespread implementation usually lags behind development of new procedures.  Practitioners create ad hoc 
solutions to problems for special case applications.  Theoreticians may then prove or disprove that the solutions are 
valid.  Finally, procedures migrate into software packages and become generally available.  The decade of the 
1990’s saw important advances in many areas and, in some cases, a more intense focus on some problems.  
Imputation for missing data, for example, saw a considerable surge in activity.  Section 2 discusses some of the 
options for analyzing data sets containing imputations, including statistical techniques and software.  In section 3, 
we tie imputation to quality adjustments used in price indexes.  Section 4 gives a few examples of web-based 
graphics being used by one government agency.  As noted in the conclusion, there are many more areas that will 
continue to be active areas of research in the near term. 
 
 

2. VARIANCE ESTIMATION IN THE PRESENCE OF NONRESPONSE 
ADJUSTMENTS AND IMPUTATIONS 

 
Surveys routinely implement procedures for dealing with missing data.  For complete nonresponse, weighting 
adjustments are common.  For item nonresponse, imputations are often used, at least for the more important items in 
a survey.  In the future, we may eventually move to routinely imputing for all missing items in otherwise complete 
responses, thus, making imputation as routine as weight adjustments.  Although using methods to improve point 
estimates may be routine, implementing variance estimation techniques that appropriately account for these 
procedures is less common.  In principle, replication methods like the jackknife or balanced repeated replication can 
account for weight adjustments as long as the resulting estimator is a smooth function of a set of weighted sums.  
Adjusted jackknife methods and multiple imputation can account for the effect on variances of imputations.  Some 
software noted below is readily available for these specialized procedures, but integrating the software into survey 
processing systems can be awkward.  Consequently, some surveys will take the path of least resistance, i.e., do 
nothing to account for weight adjustments and imputations.  This section reviews some of the options that are 
available. 
 

                                                 
1 Richard Valliant, University of Michigan and Joint Program for Survey Methodology, University of Maryland, 
1218 Lefrak Hall, College Park MD 20742, rvalliant@survey.umd.edu. 
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2.1 Weight Adjustments 
 
Adjusting weights for complete nonresponse is perhaps the simplest case of compensating for missing data.  
Multiple weight adjustments are common in surveys to account for ineligible units (IN’s) on a frame, nonresponse 
by some eligible units (ENR’s), and the use of auxiliary data in estimation.  A practical question is how variance 
estimators in common use perform when there are multiple weighting steps.  As an illustration, consider single-stage 
stratified sampling.  After weight adjustments are made, an estimated total has the form 
 

( )
ˆ
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hi hihi s s
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∈ ∪=∑  

 
where h denotes a stratum, i is a unit within a stratum, hiY  is a value associated with sample unit (hi), 

 hiw∗  = final weight adjusted for unknown eligibility, nonresponse, and use of auxiliary data, 

 ERs  =  set of eligible sample respondents, and 

 INs  =  set of sample units known to be ineligible. 

 
The ineligible units usually have their Y values coded as zeroes both for point and variance estimation.  
Linearization variance estimators and related estimators that use squared residuals usually account for at most the 
last step in estimation, which is the incorporation of auxiliary data through poststratification, regression estimation, 
or similar methods. In some commercial software packages, only design features like stratification and clustering are 
accounted for.  There are several variance estimators that are variations on the linearization estimator that involve 

squares of residuals defined as ˆ
hi hi hir Y Y= − . The term ĥiY  is a prediction, based on the implied model that 

underlies an estimator.  For the general regression estimator, for example, ˆ ˆ
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estimator of slope in the model hi hi hi hiY vε′= x β + , ( )2~ 0,hi hiε σ .  The weight 2hiw  is a base weight adjusted for 

unknown eligibility and nonresponse (but not for poststratification or other last-step use of auxiliary data).  In a 
study by Valliant (2003) the best-performing squared-residual estimator was one that used leverage adjustments to 
the residuals: 
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where  

,h ER INn ∪  = sample size in stratum h of eligible respondents and known ineligibles, and 

1
2hi hi hi hi hiw v−′∆ = x A x . 

 
 

The estimator Jv∗  is a close approximation to the jackknife.  If hi∆  is set to zero, then Jv∗  is the “jackknife 

linearization” estimator, JLv , described by Yung and Rao (1996).  The special case of JLv  that is appropriate for 

poststratification is available in SUDAAN® (Shah, et al, 1996), using the POSTWGT and POSTVAR options of some, 

but not all, procedures.  If , in addition to setting 0hi∆ = , the weight in Jv∗  is 2hiw , rather than hiw∗ , the variance 

estimator reduces to what is traditionally called the “linearization” estimator, Lv .  When auxiliary data are used in 

estimation, this choice is not readily available in software packages because it uses a weight that differs from the 
final weight.  In the presence of the multiple adjustments described above, Valliant (2003) found through simulation 
that Lv  and JLv  were both underestimates leading to confidence intervals that covered at less than the nominal rate. 
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Some implementations of replication variance estimators attempt to explicitly account for all of the steps in 
estimation by repeating each adjustment separately for each replicate subsample. The jackknife replication estimator 
generally yields confidence intervals that cover at or above the nominal rate but may do so at the expense of 
considerably overestimating empirical mean square errors. The leverage-adjusted variance estimator in (1), which is 
related to the jackknife estimator, had small positive bias and nearly nominal coverage.  
 
Multiphase sampling theory can also be applied when there is nonresponse.  If the set of eligibles can be considered 
a random subsample (perhaps within groups) from the frame and the respondents are a random sample from the 
sample eligibles, then the compound process of obtaining the sample of eligible respondents can be treated as a 
three-phase sample.  Variance estimates derived from this or similar assumptions are studied by Fuller (1998, 2003), 
Särndal, Swensson, Wretman (1992), Rao and Sitter (1995), and Kim and Sitter (2003).  Many samples also directly 
employ multiple phases by stratifying a first-phase sample in order to improve efficiency of the final sample. 
 
Specialized variance formulas are needed to account for these multiple phases.  When a second phase is used to 
stratify the first phase sample, the net result may be a reduction in variance compared to no stratification.  However, 
if the second and third phases are due to nonresponse, then the variance will be larger than for a sample of the same 
size selected without the phases.  Lundström and Särndal (1999) used two-phase arguments to estimate the variance 
of the general regression estimator when there was nonresponse.   
 
Replication variance estimators also need to be modified for multiphase samples.  Fuller (1998) derived a method 
for adjusting jackknife replicate estimates to account for multiphase selection.  Simply recalculating unknown 
eligibility and nonresponse adjustments for each replicate will not yield correct variance estimates.  Opsomer et al 
(2003) applied this method to regression estimates of land usage in the National Resources Inventory survey.  Kim 
and Sitter (2003) presented a way of reducing the number of jackknife replicates needed in a two-phase sample. 
 
None of the more popular commercial software packages that handle survey data have procedures that produce 
multiphase variance estimates directly.  SAS®, Stata®, and SAS-callable SUDAAN® do include programming 
features so that users can write their own code, making use of built-in functions to the extent possible.  Using 
WesVar®, replicate weights can be computed in two steps that will account for two-phase sampling as long as the 
estimator uses only base weights adjusted for nonresponse.  More complicated estimates like the GREG cannot be 
handled this way in the software. 
 
2.2 Item Imputations 
 
Creating imputations for missing items is standard procedure in many surveys.  Imputations facilitate microdata 
analysis.  They permit estimation of population aggregates like means or totals without having to make different 
weight adjustments for different variables.  Imputations are often created for only a subset of items that are of 
special analytic interest.  The general goals of imputation are to estimate population parameters rather than 
specifically estimating the missing value for each case.  Another goal is to preserve both univariate and multivariate 
relationships.   
 
Imputations have the practical virtue of getting around some limitations of software by creating rectangular datasets.  
An alternative to imputation would be case deletion, but this can result in throwing away many cases.  In case 
deletion or complete case analysis the number of deletions can increase considerably as one moves from univariate 
to multivariate analysis. 
 
If the imputed values are treated as real and standard variance estimation methods used, the resulting variance will 
generally be too small.  Table 1 gives some simulation results to illustrate how severe the problem can be.  As part 
of a study for the National Center for Education Statistics, some colleagues at Westat and I have been comparing 
several methods of variance estimation for data sets with imputations (Jones, et al. 2003).  The study is too elaborate 
to describe in detail here, but a few summary results will illustrate the effects of imputations.  Using a population of 
about 12,000 school districts, single-stage stratified samples of about 1,000 were selected.  The variable, number of 
fulltime equivalent administrators, was randomly assigned to missing using different rates for 12 design strata.  
Several combinations of rates of missingness were created with the average percentage missing being 5, 10, 20, 30, 
or 50.  Weighted hot-deck imputation was used with hot-deck cells defined by the strata or another set of cells that 
cut across the strata; results for only the former are shown in Table 1.  The π -estimator was then used to estimate 
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the total administrators in the population.  Two choices of the jackknife variance estimator with 120 groups were 
used—one treating the imputations as real and the Rao-Shao jackknife (Rao and Shao 1992). 
 
Treating the imputations as real is incorrect and becomes progressively more so as the percentage of imputed cases 
becomes larger.  By now, this problem is well known.  Rao and Shao (1992) showed this theoretically, and Table 1 
illustrates the phenomenon for the simulation.  When the cells used to generate missing data are the same as the cells 
used for hot deck imputation, the ratio of the naïve jackknife to the mean square error decreases from 0.75 for 5% 
imputed values to 0.23 for 50% imputed values.  Coverage of 95% confidence intervals (CIs) range from 90.9 to 
62.2%.  The RS jackknife is more nearly unbiased, although still too small on average, and has CI coverage between 
91.3 and 94.5%.   
 

Table 1.  Simulation results for the grouped jackknife estimator treating hot deck imputations as real 
   compared with the Rao-Shao jackknife.  1,000 stratified samples of size n = 1,020 selected from 
   a population of 11,941 school districts.  Total administrators estimated with the π -estimator. 

 
Percent imputed Naïve jackknife treating imputations as real Rao-Shao jackknife 

Average 
response 
probabilities 

( )ˆ
Jv mse T  Coverage of 95% 

confidence intervals 
( )ˆ

J RSv mse T−  Coverage of 95% 
confidence intervals 

5 0.75 90.9 0.88 92.8 
10 0.70 88.3 0.94 92.3 
20 0.59 85.2 0.95 93.6 
30 0.51 82.2 1.00 94.5 
50 0.23 62.2 0.94 91.3 

 
 
Shao (2001) is a readable account of how to apply the RS-jackknife to different methods of imputation.  He covers 
deterministic regression imputation of which mean imputation and ratio imputation are special cases.  Another class 
is random regression imputation of which weighted hot deck imputation is a special case.  Shao (2001, p.146) 
extends the RS adjusted jackknife approach to general imputation methods as follows. Let I denote a particular 

imputation method and iy%  the imputed value for nonrespondent i, and ( )r
iy%  be the imputed value for unit i based on 

the respondents in the rth replicate.  The adjusted jackknife value for iy%  in replicate r is  

 
( )( ) ( )radj

i I I iir iy y E y E y= + −% % % %      (2) 

 
where IE  is the imputation expectation.  Respondents’ values are left unchanged.  For example, if k denotes an 

imputation class, and kR  is the set of respondents in class k, and weighted hot deck imputation is used, then 

( )( ) ( ) ( )
k k

r r r
I ii i ii R i R

E y w y w∈ ∈=∑ ∑% , i.e., the weighted mean for respondents in class k and replicate r.  ( )I iE y%  

is the weighted respondent mean for the full sample in class k.  This approach applies to π -estimators and 
nonlinear, smooth functions of π -estimators.  Expression (2) is a general formula that can be programmed for the 
special cases of deterministic mean , ratio, and regression imputation and for random regression imputation.  This is 
another valuable procedure that is not available in commercial software. 
 
Multiple imputation (MI) is an alternative that is more readily available in software.  The method, its applications, 
and some of its pros and cons are reviewed in Rubin (1996) and its accompanying discussion.  The advantage of MI 
is its generality—where valid it applies to the estimation of simple descriptive statistics and much more complex 
analytical ones.  To summarize the method, suppose that sample unit i has M imputations— 1 2, , ,i i iMy y yK —and 

we want to estimate the population mean.  In a case where the data is not missing, imy  is just the reported value.  

The estimate computed from each of the M values is 
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ˆ
m i im ii s i s

Y w y w∈ ∈=∑ ∑ ; 1, ,m M= K  

 
where s denotes the set of sample units. The estimator of the population mean is then the average of the M means, 
 

1
ˆ ˆM

mm
Y Y M==∑  

 

The variance of Ŷ  is computed using formulas specific to multiple imputation.  Denote an estimator of the variance 

of ˆ
mY  as mU .  For example, each mU  could be estimated using Jv∗  in (1) or an appropriate replication variance 

estimator.  A “within” variance component is 
1

M
mm

U U M∗
==∑  while a “between” component is calculated as 

( ) ( )21
1

ˆ ˆ1
M

mm
B M Y Y−

== − −∑ .  The variance estimate for the average PV estimate is then 

 

( ) ( )1ˆ 1v Y U B M∗ −= + + . 

 
There are several software options for creating multiple imputations and analyzing data containing MI’s, some of 
which are reviewed in Horton and Lipsitz (2001).  IVEware (Raghunathan, Solenberger, and Van Hoewyk 2003) is 
SAS-callable software written in the SAS macro language along with a set of C and Fortran routines.  SAS is 
required but since it is so common among survey organizations, this is not much of a limitation.  IVEware will 
perform single or multiple imputations using a sequential regression algorithm described in Raghunathan, 
Lepkowski, Van Hoewyk, J. and Solenberger (2001).  Other software options for creating multiple imputations and 
analyzing data containing MI’s include Solas®, standalone programs written by Schafer (1997), and some 
procedures in SAS.  Not all of these may be appropriate for complex survey data.   
 
As evidenced by the discussion accompanying Rubin (1996), there was some controversy at that time about the 
validity of variance estimates using the formula above in cluster samples or in cases where the model for imputation 
omits important variables.  These doubts, apparently, have not yet been resolved, and there is likely to be continuing 
research into the strengths and weaknesses of MI in this decade.  As suggested by Judkins (1996), practitioners still 
need specific guidelines for when MI is proper. 
 
 

3. PRICE INDEX ESTIMATION AND IMPUTATION 
 

Price indexes are some of the key statistics published by national governments.  Indexes are used as economic 
indicators, deflators of other economic series, like the gross domestic product, retail sales, and purchasing power of 
consumer dollar, adjustments to income payments, contract escalators, and guides in setting monetary policy.   

 
We will concentrate on the consumer price index (CPI), but many of the same issues are germane to producer prices 
indexes, and other indexes.  Among governmental, statistical programs, index publication is one of the most 
important in many countries because of the huge amounts of money that can be moved by the size of an index 
change.  In the United States, for example (see http://bls.gov/cpi.htm), the Consumer Price Index (CPI) affects the 
income of almost 75 million people as a result of statutory action, including 48.4 million Social Security 
beneficiaries, 4.2 million military and Federal Civil Service retirees and survivors, 19.8 million food stamp 
recipients.  In addition, the cost of school lunches for 26.5 million children is indexed. 
 
Over 2 million U.S. workers are covered by collective bargaining agreements that tie wages to the CPI.  Rents, 
royalties, alimony payments, and child support payments are also often indexed.  In the U.S. federal income tax 
brackets are adjusted each year to prevent inflation-induced increases in taxes (“bracket creep”).  The Congressional 
Budget Office (O’Neill 1995, Table 1) estimated that a hypothetical reduction in the CPI of 0.5 percentage points 
would result in a total contribution to federal deficit reduction of about $26.2 billion in fiscal year 2000, counting 
declines in federal outlays, increases in revenues, and decline in debt service.   
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The survey systems required to estimate indexes are often complex and involve solving a number of statistical 
problems, including sample design, variance component estimation, sample allocation to meet multiple goals, data 
adjustments specific to indexes, missing data imputations, and variance estimation for nonlinear estimators.  Many 
statistical and economic areas for research are described in Schultze and Mackie (2002) and Leaver and Valliant 
(1995).  An important application of imputation, though it may not be recognized as such, is quality adjustment. 
 
The quality of some items can change substantially over time.  Computer equipment is an obvious example, but 
many other items have quality changes including audio electronics (DVD and MP3 players), refrigerators, and 
clothes washers and dryers.  Because of these changes, a comparable item often cannot be priced in consecutive time 
periods.  Economists make quality adjustments using models to try and maintain comparability.  One standard 
econometric procedure for doing this is to predict the price of an item based on its characteristics and then compare 
that to the actual price.  These are referred to as “hedonic” methods and are reviewed in Triplett (1987).  In 1998, for 
example, the index for personal computers was reduced by 6.5% compared to what it would have been without 
hedonic adjustment (Schultze and Mackie 2002, p.129-130). 
 
These adjustments, like other imputations, are not based on known constants but are treated as such.  Treating the 
imputations themselves as deterministic, given the sample data, would be reasonable, if (1) the result is a statistically 
unbiased or consistent estimator of the CPI and (2) a suitable standard error estimate can be computed.  If not, then 
MI may be an option. 
 
Moynihan (1999) in his Presidential Address to the 1998 Joint Statistical Meetings felt that refining the methods for 
quality adjustment was one of the most important statistical issues facing the U.S. government because of the their 
effect on the U.S. budget.  Open questions are how sensitive is the index to sizes of adjustment; how do we reflect 
the adjustments in the variance?  How do we design sensitivity studies that make economic sense?  For a critical 
statistic like the CPI, it is worthwhile to expend time and effort to answer these questions. 

 
 
Figure 1. Snippet from National Cancer Institute web site showing cancer mortality rates in the U.S; 

http://www3.cancer.gov/atlasplus. (The horizontal time axis is snipped.) 
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4. USE OF GRAPHICS IN GOVERNMENT PUBLICATIONS 
 
Ten years ago the use of graphics in government publications was limited, but since then things have been changing 
rapidly.  This section gives a few graphical data presentations that, in my opinion, at least, are outstanding examples 
of the capabilities of current technology.  The examples here are taken from the U.S. National Cancer Institute 
(NCI), although there are other agencies around the world doing equally interesting graphical work.  The graphics in 
Figures 1-4 are the work of the Statistical Research and Applications Branch of NCI, and include interactive charts 
and maps of cancer rates for the U.S. (National Cancer Institute 2003a, 2003b).  The graphics were created using 
POPCHART® (Corda Technologies 2003).  Pickle, White, Mungiole, Jones (1996) and Carr (2001) discuss some of 
the design considerations. 
 
Figure 1 shows a snippet from a National Cancer Institute webpage.  The viewer selects a state or the whole U.S., 
race/gender, type of cancer (all, bladder, bones and joints, brain and other nervous system, etc.) and the time series 
of 5-year mortality rates is plotted. (The horizontal time axis is snipped off in Figure 1.)  With a right-click menu, a 
viewer can save the chart in the animated format SVG or in GIF.  You can also view the specific data for a point by 
letting the mouse hover over it. 
 

Figure 2.  Snippet of micromap display of predicted lung cancer incidence rates and cases by state; 
http://srab.cancer.gov/ 

 

Figure 2 links adjusted lung cancer incidence rates for states to maps.  The dotcharts on the right-hand side show 
state rates and predicted numbers of cases sorted by the rate.  The dots are color linked to small U.S. maps down the 
left-hand side.  States are in groups of five and as the eye proceeds down the page, the states that are outlined 
accumulate. 
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Figure 3.  Chloropleth map of predicted county colorectal cancer rates for males in 1999; 
http://srab.cancer.gov/. 

 

Figure 4. Snippet of a micromap display of annual cancer incidence rates by state; http://srab.cancer.gov/. 
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The third figure is a chloropleth map of U.S. counties where a nonparametric smoother (Mungiole, Pickle, and 
Simonson 1999) was used to create the county predictions.  Figure 4 is another micromap display of cancer 
incidence rates by state.  The states are sorted from high to low incidence rates.  The maps allow regional patterns to 
be apparent.  The figure also adds confidence intervals to each state so that Alaska, for example, stands out as being 
less pecise than other estimates. 
 
 

5. CONCLUSION  
 

We have touched on several areas—analysis of data with imputations, multiphase sampling, and publication 
graphics—where new tools and techniques are available but are not universally employed.  There is a long list of 
other topics where we can either make better use of available methods or where research and development is needed.  
A few of the areas and issues are: 
 

•  Small area estimation 
- Standards for when the estimates are publishable need to be developed 
- Generalized software for empirical best linear unbiased prediction, hierarchical Bayes estimates, 

and empirical Bayes estimates is needed for point estimation and mean square error estimation. 
•  On-line analytic software that allows user-defined queries to microdata files 

- Confidentiality needs to be protected while giving analysts flexibility 
•  Data mining—how can we best use these methods? 
•  Confidentiality protection methods 

- There needs to be a balance between protecting respondents privacy and making the data sets 
useful for analysis. 

 
Availability of software to implement sophisticated estimation techniques is critical.  Large recurring surveys may 
have development budgets that permit customized software to be written, but many smaller surveys need 
commercial off-the-shelf software.  Lacking that, they will continue to use incorrect formulas, particularly for 
variances.  We have many more choices now than a few decades ago, but gaps remain.  Commercial, analytic 
software packages also need features to account for imputations when estimating variances for survey data.  Options 
are needed to handle multiple imputations and the recently developed replication methods for handling imputed 
data.  From the users’ point of view, the software needs to be frequently updated, have good technical support, and 
sell for an affordable price.  From the commercial developers’ point of view, there needs to be enough of a market 
for the software to be profitable.  If specialized software is developed within an organization, there needs to be a 
perceived payoff in increased efficiency or validity compared to methods currently used in the organization.  Having 
strong management direction and support for innovations is key to making change happen. 
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