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ABSTRACT

Inthis paper, we propose to use caibrated imputation in the context of the quasi-model-assisted approach. Thistechnique consists
of finding final imputed values as close as possible to preliminary imputed values and that are caibrated to satisfy constraints.
Using appropriate constraints, we show that the resulting imputed estimator is approximately unbiased for estimation of linear
population parameters such as domain totals. We use the Taylor linearization technique of Binder (1983) to obtain a variance
estimator under a general nonresponse model. We show that the nonresponse variance can be partitioned into two components:
the first component is obtained by assuming that the nonresponse model parameters are known while the second component
correspondsto the effect of estimating the nonresponse model parameters. We also discuss the use of calibrated imputation when
facing issues such as editing and missing values in the auxiliary variables used to obtain the preliminary imputed values.

KEYWORDS: Estimating Function; Imputation Model; Nonresponse Model; Quasi-model-assisted Approach; Taylor
Linearization; Two-phase Sampling.

1. INTRODUCTION

Estimating functions are often used to justify the form of imputed estimatorsin surveys. For example, linear regression
imputation, including its special cases such as ratio imputation, makes use of estimating functions to obtain imputed
values. Linear regression imputation iswidely used and hasindeed been implemented in many imputation systems such
asthe Generalized Edit and Imputation System (GEI'S) devel oped at Statistics Canada (Bissonnette and Girard, 1998). It
isquite natural to justify estimating function imputation by means of amodel for the variable of interest, often called an
imputation model. It istherefore natural to use the selected imputation model to eval uate the properties (bias, variance,
etc.) of theimputed estimator and to make inferences. This approach was proposed by Sérndal (1992) in the context of
ratio imputation and was extended to more general regression imputation methods and sampling designs by Deville and
Sérndal (1994). For the Generalized Regression (GREG) estimator, it was studied by Gagnon, Lee, Rancourt and Sarndal
(1996). In a Bayesian context, this approach was proposed by Rubin (1978) and Rubin (1987, chapter 3).

Even if an imputation model is used for evaluation and/or inference purposes, it is not possible to avoid making some
assumptions about the unknown nonresponse mechanism. In other words, it is necessary to postulate a nonresponse
model. As in many papers (for example, Sérndal, 1992, Deville and Sérndal, 1994, and Shao and Steel, 1999), it is
common to only assume that the nonresponse mechanism isindependent of (or unconfounded with) the randomtermin
the imputation model. This is a sufficient condition to make the nonresponse ignorable with respect to the imputation
model. Sometimes, more explicit nonresponse models are used and response probabilities are estimated. Thisisusually
required when it is assumed that the nonresponse mechanism depends directly on the variable of interest.

In this paper, adifferent approach is considered. The approach can be termed quasi-model-assisted in the sense that the
properties of theimputed estimator are eval uated with respect to the sampling design and a nonresponse model, and that
inferences do not depend on the validity of the imputation model. The role of theimputation model is simply to justify
theform of theimputed estimator and to help reduce its nonresponse variance. Asin Oh and Scheuren (1983), weusethe
term “quasi” to reflect the fact that the nonresponse mechanism is not known and that a nonresponse model is required.
This quasi-model-assisted approach was also used by Rao and Shao (1992), Rao and Sitter (1995), Fay (1996), Rao
(1996), Shao and Sitter (1996) and Shao and Steel (1999), among others, who all assumed auniform (withinimputation
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classes or not) nonresponse model. Here, we do not restrict oursel vesto uniform nonresponse and consider moregeneral
nonresponse models. In practice, this quasi-model-assisted approach is useful when it is difficult to find a satisfactory
imputation model while a sufficiently good nonresponse model can be found and validated. In such a casg, it is more
reasonable to evaluate the properties of the imputed estimator only with respect to the sampling design and the
nonresponse model and not to rely on theimputation model to make valid inferences. Of course, thisdoes not mean that
no effort should be made to finding the best imputation model possible since the nonresponse variance of the imputed
estimator is affected by the choice of an imputation model.

In this paper, we propose to use calibrated imputation to compensate for missing values. This technique consists of
finding final imputed values as close as possible to preliminary imputed val ues, according to some distance function, and
that are calibrated to satisfy constraints. Using appropriate constraints, we show that the resulting imputed estimator is
approximately unbiased for estimation of linear population parameters and is valid under a quasi-model-assisted
approach. Estimating functions, potentially justified by some imputation model, are used to obtain the preliminary
imputed values. Thisidea of modifying imputed values to satisfy constraints was suggested by Mantel, Singh and Yu
(1995) in the context of two-phase sampling, although they did not consider any specific distance function. Intheir paper,
they used small area estimation techniques to determine appropriate constraints. Beaumont (2000) also considered
calibrated imputation but used different constraints, which restricted the application to the linear imputation model. For
categorical variables of interest, calibrated imputation has recently been studied by Favre, Matei and Tillé (2003) and by
Liu and Rancourt (2001). It is closely related to reverse calibration proposed in the context of outliers and robust
estimation by Ren (2002) and by Beaumont and Alavi (2003). Reverse calibration consists of finding modified valuesas
close as possible to the original values of outliers under constraints motivated by robust estimation techniques. It is,
however, dightly different than calibrated imputation since the original values are unknown in the context of
nonresponse. The idea of finding imputed valuesthat satisfy constraints can also be found in Deville (2002) although a
different approach is considered.

In section 2, we begin by introducing some notation. We restrict our attention to estimation of linear population
parameters, such asdomain totals. We also assume that the GREG estimator (or any calibration estimator) would be used
if there were no nonresponse. Then, in section 3, we describe calibrated imputation in the context of the quasi-model -
assisted approach. In section 4, we use the Tayl or linearization technique of Binder (1983) to obtain avariance estimator
under ageneral nonresponse model. We show that the nonresponse variance can be partitioned into two components:. the
first component is obtained by assuming that the nonresponse model parameters are known while the second component
correspondsto the effect of estimating the nonresponse model parameters. In section 5, we discuss the use of calibrated
imputation when facing i ssues such as editing and missing valuesin the auxiliary variables used to obtain the preliminary
imputed values. Finally, we conclude with abrief summary and discussion in the last section.

2. BACKGROUND AND NOTATION

Let usassumethat itisdesired to estimate alinear population parameter t,, =2, d, y, foragivenpopulation P, where
Yy, isthevalueof avariable of interest y for populationunit kand d, isthe value of somevariabled for population unit
k. In practice, d isoften adomain indicator variable; that is, d, =1 if unit k belongsto adomain of interestand d, =0

otherwise. Sinceit isusually not possibleto survey all population units, arandom samplesis selected according to some
sampling design p(s) . The selection probability for unit kisdenoted by z, , thejoint selection probability of unitsk and

| isdenoted by 7, and expectations under the sampling design are denoted by E (0. We also assume that a vector of
auxiliary variables x, isavailable for all sample unitsand that population totals, t, =2,.s Xy , are known for these
variables. In the absence of nonresponse, it would be possible to use a calibration estimator fdy =20 Wi d, Y, Of ty,
where W, , for ks, are estimation weights (see Deville and Sarndal, 1992). The Generaized Regression (GREG)
estimator isanimportant special case of calibration estimatorswith the estimation weightsgiven by w, =w, g, , where
w, =1z, and
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gy =1+ Xy (kas\%xlkx’lk] (tXl _Zszkalk) . (2.2)

Vik

Theconstant v,, correspondsto the variance structure of the estimation model underlying the GREG estimator. Using a
first-order Taylor approximation (see, for example, Sarndal, Swensson and Wretman, 1992, chapter 6), it can be shown
that the GREG estimator is approximately p-unbiased; that is, E (fd ) = and that its variance can be estimated by

dy’

v (tdy) ZszZu Te AF €yl (2.2)

T T\ T

where ¢, =d, y, — xlk , and

Inamost all surveys, there are missing values and the variabley is only observed for part of the sample s. A random set
of respondents s, isobserved according to anonresponse mechanism q(s, | s) . Nonresponse can beviewed asasecond

phase of selection with the difference that the nonresponse mechanism is not controlled by the survey sampler and is
unknown. Therefore, it is necessary to postulate a nonresponse model. We assume that the unknown nonresponse
mechanism depends on a vector of auxiliary variables z, observed for every sample unit, and on a vector of unknown
parameters a . In other words, the nonresponse mechanism can be expressed as q(sr | s,{zk K D§ ;u) . The response

probability of sample unit k and thejoint response probability of two different sampleunitsk and | aredenoted by p, (a)
and py (@) respectively. Expectations under the nonresponse model are denoted by E  (U's) and expectationsunder the

sampling design and the nonresponse model are denoted by E ,, (). We also assume that an estimator a of ais
obtained by using ag-unbiased estimating function U, (.) ; that is, E, (U1 (o) | s) =0. Theestimator o” isthusimplicitly
defined by the equation U, (a") =0. The response probability p, () and the joint response probability p, (a) are
estimated by p, (¢') and p, (a) respectively.

In the presence of nonresponse, fdy cannot be computed since the variable y is not observed for the random set of

nonrespondents s, . However, we assume that the variable d is not subject to nonresponse and is observed for every
sample unit. A common remedy to the problem of nonresponse consists of imputing the missing y-values. Thisleadsto
the imputed estimator {3, =X, W,d, Y., , where

y, if kOs,,
Yo =908 . (2.3)
Y, Otherwise,

and y, isthefina imputed value for unit k.

3. CALIBRATED IMPUTATION

Beforefinding final imputed values using calibrated imputation, preliminary imputed values 1, must first be determined.
In this paper, we use deterministic single imputation to find preliminary imputed values. In particular, we focus on
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estimating function imputation. With this imputation method, preliminary imputed values i, depend on a vector of
auxiliary variables x, observed for every sample unit, and on a vector of estimated parameters B": tha is,
i =h(X,; I§*) , for some known function h(.;.). The vector x may contain some auxiliary variables included in the
estimation and nonresponse models and/or other variables. The requirement that x be observed for every sample unitis
relaxed in section 5.1. The vector B isimplicitly defined by the equation U,(a",B") =0, where U,(.,.), isag-
unbiased estimating function for B inthesensethat thereexistsavector B such that Eq(Uz(a,é) | s): 0.ltisusudly
reasonableto justify the choice of the auxiliary variablesx, the estimating function U, (.,.) andthefunction h(.;.) by an
imputation model msuchthat E (Y, | X,) = h(x,;B) , where B isavector of unknownmodel parameters. However, this
isnot arequirement of our method to obtain an approximately g-unbiased imputed estimator, and x, U, (.,.) and h(.;.)

can be chosen quite arbitrarily. Neverthel ess, these choices should not be | eft at random since they have animpact onthe
nonresponse variance of the imputed estimator, as shown in section 4.

In practice, we are often interested in estimating not only one popul ation parameter but avector of population parameters
ta, = Zioe di Vi, Where d, isavector of values for population unit k. The vector d, isnot subject to missing values

and, d, and t, areelementsof d, and t dy respectively. Oncethevectors a” and B" areobtained, missing valuescan

then beimputed and t,, can be estimated. It is quite common and natural to define thefinal imputed valuesby vy, = i, .
However, this does not necessarily lead to an approximately pg-unbiased imputed estimator for the vector of population
parameters t; . To make the nonresponse bias negligible, we propose to use calibrated imputation. Under the quasi-

model -assisted approach, this technique consists of finding final imputed values v, , for kOs,, , asclose aspossibleto

the preliminary imputed values ji, and that are calibrated to satisfy the constraint t =t; ,where t} =%, W,d,y.,
and

Gy = DMl + 25, %@' Vi -7) - (31)

Thegoal of the constraint isto obtain an approximately g-unbiased imputed estimator. Thiscan be seen by noting that the
estimator (3.1) hasthe form of a(nonlinear) GREG estimator. It isalso easy to seefrom (3.1) that theimputed estimator

ty, isimplicitly defined by the equation

Wi

s p (@) k(yk —ﬁl)=0 , (3.2

Us(a' B E5) =y - > Wdi -
where U,(.,.,.) isag-unbiased estimating function for {,,; that is, Eq(U3(u,I§,fdy)|s):0. This last equality is true
provided that the following assumption holds:

Al) The nonresponse mechanismisindependent of w, , 2, =h(x, ; é), y, and d, ,for kOs, after conditioning on
sandon z, ,for kOs. Asaresult, al quantitiesin U3(a,é,fdy) can betreated asfixed, except therandom set
S

-

Therefore, acareful choice of the auxiliary variables z to be included in the nonresponse model is critical to make this
assumption reasonably satisfied.
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More explicitly, we want to find the final imputed values vy, , for kOs,,, that minimize the distance function
et Yo i) (33)

subject to the constraint t gy = f;y . Thequantity u, isaweight that can be cal culated for every sampleunit (or at least for
the nonrespondents). If an imputation model is used to justify the form of the preliminary imputed values then anatural
choice would be to take u, =W, /G2 , where &7 is an estimate of the model variance V,,(y, | X, ) . Other distance

functionsthan (3.3) could be considered to determine how close final imputed values areto preliminary imputed val ues.
We chosethe distancefunction (3.3) sinceitisnatural in the context of generalized | east-squares estimation and it makes
the derivation of imputed values easier. Using the method of Lagrange multipliers and some straightforward algebra, it

can be shown that the imputed values that minimize (3.3) subject to t} =t} aregivenby

Ve = iy * ﬂ(dk),(zmsm\lljl_s(dkxdk)'J Zkgswkw(ﬂ_ﬁ;)ak- (34)

Uy Py (@)

Therefore, the final imputed values are obtained by adding a nonresponse bias adjustment term to the preliminary
imputed values 7, . This adjustment term vanishesand y, =/, when the second sumin (3.4) isequal to 0. Thisisthe
caseif, for example, the following two conditions are satisfied:

i) U,(a',B") = ka a (Y, —[fk)x—k =0,where a, =W, (1— [ (a*))/ p, () isaregressonweightand v, is
Vi
aknown constant potentially justified by an assumption about the model variance V., (Y, |X,);

i) d,v, = Ax, ,where A isamatrix of known constants.

Condition (ii) issatisfied by including d, v, inthevector x, . However, thismight not always be appropriateto do when
the number of population parametersto be estimated is very large or, in other words, when the dimension of d, isvery
large. Typically, to avoid instability of the estimator B, thedimension of X, isnottoolargeand only the variablesthat

aresufficiently correlated with y areincluded in the vector x. Asaresult, thedimension of d, islikely to belarger than
thedimension of x, inpractice. It istherefore not always appropriate to ignore the nonresponse bias adjustment term.

The estimator 8 :((a*)’,(é*)’,fd'y) isimplicitly defined by the equation

U,(a) 0
u®)=| U, ,B") |=|0], (3.5)
Us(e',B",3)) (0

wherethe estimating function U(.) isg-unbiased for 0= (a’,é’,fdy) ;thatis E, (U(é)ls):o . Using afirgt-order Taylor
approximation (see Binder, 1983), it can be easily shown that the estimator 0 is approximately g-unbiased for 0 and

that, in particular, the imputed estimator fd'y isapproximately g-unbiased for the full response calibration estimator t, ;

thatis, E, (tAd'y |s) = fdy . Themain difference with Binder (1983) isthat, here, expectations are eval uated with respect to
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the nonresponse model while, in the Binder paper, they are evaluated with respect to the sampling design. Since
E, (s, [9) =Ty, t4, isalso approximately pg-unbiased for the population parameter t, ; that is, E , (t4,) =ty . This

property of approximate g-unbiasedness of theimputed estimator T, d'y holds no matter the validity of theimputation model

(if specified). Consequently, therole of theimputation model issimply to provide away to improve the efficiency of the
imputed estimator, without relying on its adeguacy to achieve approximate g-unbiasedness. However, the nonresponse
model must hold for this quasi-model-assisted approach to be valid.

4. VARIANCE ESTIMATION

The analogy with two-phase sampling (see, for example, Hidiroglou and Sérndal, 1998) can be used to estimate the
variance of theimputed estimator ty, . Usingthefactthat E, (i, |s) =1, , theparvarianceof , canbe approximated by:

Vo ({4) =V, () +E, V({5 19) - (4.1)

The first term of the right-hand side of (4.1), V (fdy) , is often called the sampling variance while the second term,

E,V, ('f[;y | s), is called the nonresponse variance.

Inthe case of complete response, the sampling variance can be estimated by (2.2). However, (2.2) cannot be computedin
the presence of nonresponse since y, isnot observed for the nonresponding units k O's,, . Using the anal ogy with two-

phase sampling, the sampling variance can nevertheless be estimated by

~yon 1 - -
Vi)=Y > T BT gey (42)

S pula’) myme
where e, =d,y, —x,,B; and

=)
~, W, 1 , W, 1
B, :(Z —k_xlkxlkJ [Z —k_xlkdkykJ .

KOS Py (@) vy s p(a’) vy

An approximately pg-unbiased estimator of the nonresponse variance E V, (f(;y | s) can be obtained by finding an

approximately g-unbiased estimator for the conditional nonresponsevariance V, (f(}y |'s) . Using the Taylor linearization
technique of Binder (1983), and replacing the expectations with respect to the sampling design by expectations with
respect to the nonresponse model, we have that V, (ﬁ* | s) can be approximated by Vq (6* | ), where

V(0 |9 = [H (é)]’1 z:(é)[H '(é)] -, (4.3)
and where

H(ﬁ) = Eq(al;é?) |s} , for some vector 0 = (6’,@’,i;y)' ,and ):(é) = Eq(U(é)U’(é) |s) .

Therefore, the conditional nonresponse variance V, (’fd'y | s) isapproximated by the value in the last row and in the last
column of the matrix defined in the right-hand side of (4.3).

To obtainamoreexplicit expressionfor V, (t4, |) , let usfirst denotetheimputed estimator t;, by fj (a”) toemphasize
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the fact that the imputed estimator depends on a vector of estimated nonresponse model parameters a” . The imputed
estimator that would be obtained if the nonresponse model parameterswere known istherefore denoted by t, d'y (a) . Then,
after straightforward but somewhat tedious algebra, it can be shown (see Beaumont, 2004) that the approximate variance
V,(ts, (@) ]s) for V, (f4,(@")|s) isgiven by

V(L @)1s) = V(L @1s) + {—Hgl(é)\'/q(a*|s)H'31(6)—2H31(6)Cq(a*,fd'y|s)}, (4.4)

where

Vo Bl @)18)=V, [Us(a, B,y 19)= 3 5, 28 (‘;)k_(;;kp(l‘zl';" © [

Volo 19)=[Hu@]™ Eq Uy Ui 19) [Hu @)
ol £, 19)=-Vy (o 1915 @) +HE @) Eq (U () Us(e B 19),

9 U3(a,B,ty) |
- -~ S
da’

i =) d] [W (y, = 2)d)]

_ Wi _ . py (@)
; —kasm(yk #k)dk[ oa

H31(6) :Eq[

-

Asaresult, the approximate conditional nonresponse variance Vq (t, d'y (a")|s) can be partitioned into two components.

0=

H 11(6) = Eq(a%%(,a) |Sj-

The first component, Vq (f(;y (o) | s) , corresponds to the approximate conditional nonresponse variance that would be

obtained if the nonresponse model parameters were known while the second component, the part within bracketsin (4.4),
correspondsto the effect of estimating the nonresponse model parameters. Thiseffect can be either positive or negative.
It can be shown that it is negative for the logistic nonresponse model (for details, see Beaumont, 2004).

In practice, it is quite tempting to assumethat «” issufficiently closeto e to approximate the conditional nonresponse
variance V, (ty, (a") |s) by thefirst component of (4.4), V, (f o (@] s) . This approximation greatly simplifiesvariance

estimation. It was indeed used by Beaumont and Mitchell (2002) in the development of the System for Estimation of
Variance dueto Nonresponse and Imputation (SEV ANI). Inthe context of bootstrap variance estimation, Mantel, Nadon

and Y eo (2000) found empirically that treating o" as being fixed often leads to dlightly larger variance estimates than
those obtained without the approximation. From (4.4), we can see that this approximation is appropriate when

H, (ﬁ) =0. Thislast equationisverified if al sample units respond with the same probability and if conditions (i) and
(i) of section 3 are satisfied. However, the second component of (4.4) may not always be negligible, especidly if the
imputation model mis not properly specified. In such a case, not only is H ,; (6) not likely to be negligible but also

E, {H 2 (ﬁ) | s} . Inasimulation study, Beaumont (2004) shows that neglecting the second component of (4.5) leadsto
reasonably conservative inferences.

Itisinteresting to note that equation (4.4) does not depend on the estimating function U, (.,.) . Consequently, thefunction
U, (.,.) canbequitecomplex without adding any complexity in the expression for Vq (fd'y (a")]s) . Also, wecan seethat
the approximate variance Vq (fd'y (0")|s) dependson theresiduas e, =y, — i, . It istherefore important to carefully

choose the vector of auxiliary variables x, the estimating function U, (.,.) and thefunction h(.;.) insuch away that the
residuals e, arekept assmall aspossible. Thiscan be done by finding the most appropriate imputation mode!l possible.
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Note, however, that the validity of variance expression (4.4) does not depend on the validity of the imputation model.

A variance estimator for V (tAd'y (") |s) can be obtained by estimating the unknown quantitiesin (4.4) and is given by

V(L @)1s) = V(L @]s) + {—ﬁ31(6*)\7q(a*|s)ﬁ'31(é*)—2ﬁ|31(é*)éq(a*,f;y|s)}, (4.5)
where

Vb @19)= 30 3« p;'kl(‘:a?)' p‘k’k(;‘f):"(i‘f)’ [ (v -] [ v -]

\7q (“* |S): [|:| n (0 )]_l Z,,(07) [l:'lll(é*)] -
Cola” £ 19)= Vo 191 07 + AR 210 0").,

n W, . ap, (@)
Hy(0)= Yk — i)y | s ,
200 B 1y O AN T
~ ~x aU a
Hy(0)= (3{(' ) -
a a=0o

andwhere £,,(8") and £,,(8") areestimatorsfor E, (U, (o) U’ (a) |s) and E, (U, (@) Uy(a,B.{,) | s) respectively.
Thetotal variance V (f d'y (o )) can then be estimated by adding the sampling variance estimator (4.2) to the nonresponse
variance estimator (4.5).

5. SOME ISSUES

5.1 Missing valuesin the x-variables

So far, we have assumed that the auxiliary variables used to obtain the preliminary imputed values were not subject to
missing values. However, it iscommon practice to use some variables of interest to impute others. In such acase, weare
inasituation where the vector of auxiliary variables x, ispotentialy not fully observed for some sample unitsand more

than one imputation method might be used. For example, if we have two variables of interest y and x, we might want to
impute the missing y-value for agiven unit k using alinear regression model betweeny and x, if x, isknown, and using

mean imputation, otherwise. Therefore, the preliminary imputed valuefor agiven unitk, , , dependson the nonresponse
pattern r ¥ , wherethe " component of r isequal to 0 or 1 depending on whether thej™ component of x, ismissing

or not respectively; that is, /i, = h(x, ,r¥;B") . Of course, /i, cannot depend on the unobserved values of the vector
X . The estimating function U, (.,.) can become quite complex when many different imputation methods are used.

Fortunately, this does not add any complexity to variance estimation since the variance estimator (4.5) does not depend
on this estimating function. Asaresult, the theory presented in sections 3 and 4 can be applied directly when we face the

problem of missing valuesin the x-variables. Note that assumption (A1) in section 3 must still hold, with 2z, =h(x, ; é)
replaced by /1, = h(x, ,r?;B) . Therefore, itisimportant to consider including r ® inthevector of auxiliary variablesz
to make this assumption reasonably satisfied since r,? , for k 0's, might be rel ated to the y-variable nonresponse pattern.

9 Statistics Canada - Catalogue no. 11-522-XIE
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5.2 Editing

Edit rules are often used to restrict the possible values to be imputed. Calibrated imputation can deal with thisissue by
considering the set of al edit rules as an additional constraint in the minimization process. This does not affect the

properties of the vector of imputed estimators Egy since the final imputed values are still calibrated to satisfy the

constraint t gy = f;y . However, it hasan effect on the final imputed values. Moreover, itisgenerally not possibleto obtain

aclosed-form solution using the method of Lagrange multipliersand anumerical algorithmisusually required to obtain
thefinal imputed values. Thisisbecause the edit rules are often more complex than simple equations. Also, sincethe edit
rules often involve more than one variable of interest at a time, a multivariate distance function is needed. This area
requires further investigation, especially in the context of categorical variables of interest.

6. CONCLUSION

In this paper, we have proposed to use calibrated imputation in the context of the quasi-model-assisted approach. This
technique consists of finding final imputed values as close as possible to preliminary imputed values and that are
calibrated to satisfy constraints. The constraints are chosen in such a way that the resulting imputed estimator is
approximately unbiased under anonresponse model, not necessarily restricted to the uniform nonresponse mode!. Itisnot
necessary to explicitly specify animputation model although it isnatural to use animputation mode to justify theform of
the imputed estimator. Even if an imputation model is used, it does not need to be correctly specified to obtain valid
inferences.

Inthis paper, we have assumed that all population parameters of interest are taken into account at the imputation stage of
the survey. Although many popul ation parameters are often known in advance or might be expected to be of interest, this
cannot always bethe case, especially if apublic-use microdatafileis produced. The problem with unplanned population
parameters is that we cannot be sure that the imputed estimator has a negligible nonresponse bias. Even under an
approach relying more on animputation model, such asin Sérndal (1992) or in multipleimputation, itiswell known (see,
for example, Meng, 1994 and Rubin, 1996) that variables used to define the popul ation parametersthat will be estimated
need to be considered when selecting the imputation model . Otherwise, thereisno assurance that valid imputation-model -
based inferences can be obtained. However, if the imputation model has been carefully validated and is rich enough,
making imputation-model -based inferences can be an attractive choice for analysts using public-use microdatafiles. In
such acase, resampling methods, such asthe bootstrap, or multipleimputation can greatly simplify variance estimation.
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