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ABSTRACT

Hot deck imputation, in which missing items are replaced with values from respondents, is often used in survey
sampling. A mode supporting such procedures is the model in which response probabilities are assumed equal
within imputation cells. An efficient version of hot deck imputation is described and the variance of the
efficient version derived under the cell response model. An approximation to the fully efficient procedure in
which a small number of values are imputed for each nonrespondent is described. Variance estimation
procedures are presented and illustrated in a Monte Carlo study.
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1. INTRODUCTION

Imputation is used in sample surveys as a method of handling item nonresponse. Kalton and Kaspryzk
(1986) and Little and Rubin (1987) review various imputation procedures. In hot deck imputation, the
imputed values are functions of the respondents in the current sample. Sande (1983) and Ford (1983)
contain descriptions of hot deck imputation.

In one version of hot deck imputation, the imputed value is the value of a respondent in the same
imputation cell, where the imputation cells form an exhaustive and mutually exclusive subdivision of the
population. In random hot deck imputation, respondents are assigned values at random from respondents in
the same imputation cell. The record providing the value is called the donor and the record with the
missing value is called the recipient.

The variance of the imputed estimator is generaly larger than the complete sample variance because
nonresponse reduces sample size and because the imputed estimator may contain a component due to
random imputation. Rao and Shao (1992) proposed an adjusted jackknife method for hot-deck imputation
where with-replacement selection of donors is used for imputation. Rao and Sitter (1995) discussed the
adjusted jackknife variance estimation method for ratio imputation. Rao (1996) and Sitter (1997) applied
the adjusted jackknife method to regression imputation. Shao, Chen and Chen (1998) apply the idea of Rao
and Shao (1992) to the BRR replication method. Shao and Steel (1999) propose variance estimation for
survey data with composite imputation, where more than one imputation method is used, and the sampling
fractions are included in the variance expressions. Yung and Rao (2000) applied the adjusted jackknife
method to imputed estimators constructed with a poststratified sample. Rubin and Schenker (1986)
suggested a multiple imputation procedure. Tollefson and Fuller (1992), and Sérndal (1992) proposed
imputation methods and corresponding variance estimators.

2. RESPONSE MODEL FOR IMPUTATION

Consider a population of N elements identified by a set of indicesU = {1, 2, ..., N}. Associated with each
unit i in the population there is a study variable y; and a vector x; of auxiliary information. The set of
vectors, (i, X),i=1, 2, ..., N, isdenoted by F.
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Let A denote the indices of the elements in a sample selected by a set of probability rules called the
sampling mechanism. The sample selection indicator function for element j is

I-:{l TioA i=14..,N 1)
! 0 if jOA’ ’
and the associated vector of indicatorsis B = ( Iy, ..., Iy ). Let the population quantity of interest be
Oy =6 (Yu. Y2 ..., yn) and let 6 be alinear estimator of 6\ based on the full sample,
6=3 wy. 2
i0OA

If w; isthe inverse of the selection probability, then (2) is unbiased for the population total.

Let Az and Ay denote the set of indices of the sample respondents and sample nonrespondents,
respectively. Define the response indicator function

R = 1 ifidAg
o ifidAy
andlet R={(i,R); i OA}. Thedistribution of R is called the response mechanism.

3

Assume that the finite population U is made up of G imputation cells. The set of elementsin cell g is Ug.
Let ny be the number of sample elements in imputation cell g and let rg, ry > 0, be the number of
respondents in imputation cell g. Assume the within-cell uniform response model in which the rq responses
inacell are equivalent to a Poisson sample selected with equal probabilities from the ny elements.

In the imputation procedure, let d;; be the number of times that Y; is used as donor for the missing Y; and
defined ={ dj; i O A j 0 Ay }. Thedistribution of d is called the imputation mechanism. Let wj; bethe

factor applied to the original weight for element j when Y; is used as a donor for element j. For element
i I0Ay,
Yy = D diwiy, 4)
i0AR
is the weighted mean of the imputed values. The factor wj is called the imputation fraction. It is the
fraction that donor i donates for the missing item Y;. Notethat wj; =1 for i0 Az and wj; =0 for iO A, .

The d; are nonnegative and the sum of the imputation fractions of the donors for a missing item is restricted
to be equal to one, that is,

> dywi =1 OOA. (5)
i0AR
We call an estimator of the form (4) with some wj; <1 afractionally imputed estimator.

A linear estimator using hot deck imputation can be written in the form

o =X (Z dij w; Wi*jj (6)

i0Ag \iOA
=) Y, (7
i0A

where the notation A =: B means that B is defined to be equal to A. The sum of wj;w; over al recipients

for which i isadonor (including acting as a donor for itself), denoted by q; is the total weight of donor i. If
aresponding unit i is not used as a donor, except for itself, then a; = wi.



3. FULLY EFFICIENT FRACTIONAL IMPUTATION

Assume all elements in an imputation cell have the same probability of responding and assume the
responses are independent. Then the overall distribution of an imputed estimator under the response model
can be obtained by using the probability structure of multiple phase sampling, where the response model is
treated as the second phase sampling mechanism.

An imputed estimator él for the full sample estimator 6 is caled conditionally unbiased for 6 under the
response model if it satisfies

E(6, -6|F,A) = 0, (8)
where the expectation in (8) is taken with respect to the joint distribution defined by the response model
and the imputation mechanism, given the realized sample A and the fixed finite population F. A necessary
and sufficient condition for an imputed estimator of the form (7) to be conditionally unbiased under the
assumed response model is

E(R -ai|FA) = w, ©)
where a; isthetota weight of donor i definedin (7).

Let 7, =Pr(i0Az|i0A). If 5, were known and 75, >0, then a hot deck imputation procedure
satisfying

E(a; |A AR) = w73 (10)
will produce an unbiased estimator for the population total. In particular, hot deck imputation with
a; =w;rr 2, for al i0Ag, produces the most efficient imputed estimator in the sense of minimizing the
imputation variance for estimators that are unbiased under the response model.

If 77, is unknown and the response probabilities in a cell are uniform, then a reasonable estimator of the
total isthe weighted sum of ratio estimators

J ZiEIARﬂUg Wi i

| —

éFEzi[ZW Z‘DA{]U\Ni ,

g=1 | iDANU4
where w; is proportional to the inverse of the selection probability. The estimator (11) is called fully
efficient because it contains no variability due to random selection of donors. If the w; are the same for all
elementsin acell, theratio

(11)

-1
z W Z Wi Vi (12)
i0ARNU i0ARNU
is a simple mean and, hence, unbiased for the cell mean given that there is at least one respondent in the
cell. If thew; in acell are not equal, then (12) is subject to ratio bias. It is possible for the number of
elementsin acell, ng, to be positive and the number of respondents, rg, to be zero. If this occursin practice,

cells will be collapsed. To formally define an estimator with finite moments, we set the ratio in (12) equal
to zero and set (ZiDARﬂUg w )t ziDAnUg w, equal to onewhenry=0.

The approximate variance of the estimator (11), given in (19) of Theorem 3.1, is the variance of the full
sample estimator plus aterm that depends on the cell response probabilities and the within-cell variances.

Theorem 3.1 Assume a sequence of finite populations, indexed by v, of size N,, where N, > N,_;. Lety
be a characteristic of the population with bounded fourth moments. Let a sample of size n, 2n,_; be

selected from the v-th population with known probabilities of selection. Let the population be decomposed
into G, , G, = G,.; mutually exclusive and exhaustive cells. Let the population size of cell g be Ny, , let the
sample sizein cell g be ng, and let the number of respondentsin cell g bery, . Assume



Ka G < NyINg, <Kg, Gt foral v, (13)

G, <Kgnd for all v, (14)
Ku Snw <K, foraluvu, (15)
Ky<smy, foralgandalv, (16)

where K, Kg , Kay , Kg, Kw , and K,y are fixed positive constants, 0 < A < 0.5, 75, is the common
response probability in cell g of population v, and the w; are the weights of (2) for the estimator of the

mean. Let the full sample estimator éu be unbiased for the finite population mean.

Assume
V{ gu |Fu} < KMV{QSRS,U |F} (17)

for afixed Ky for any y with bounded fourth moments and éSRS,u is the estimator of & based on asimple
random sample of sizen,. Assumeforeveryi#j=12,...,N,,

PR,=1, Ry=1) = P(R,=1) P(R,=1). (18)
Then
~ ~ Sy
HFEU _gu = z Z Wiu(ﬂg_z]JRiu _1)eiu +0p(n171/2) :
gu=1 iDAg,
Also
~ A~ GU
V(BFEU |Fu) = V(eu |Fu)+E Z ﬂazlj(l_ﬂgu) Z leueizu |Fu ’ (19)
g,=1 i0Agy
where

~ A GU
HFEU = eu + Z z Wlu(ng_]}/Rlu _1)eiu )
9,=1 i0Ay,
F, is the v-th population, Ay, is the set of sample indices in the g-th cell for the v-th sample,
e, = VYiu -\?gu ,and \?gu is the population mean of the y-variablein cell g, of population F,, .

The estimator (11) can be implemented by using fractional imputation in which every responding unit in an
imputation cell is used as a donor for every nonrespondent in the cell, and the imputation weight is
proportional to the sampling weight. Then, the estimator (11) can be written as the fractionally imputed

estimator
G

éFEFE => > > WiWY,; (20)

g=1 jOANU4i0ARNU
where w;wj isthe weight of donor i for recipient j, wj; isthe imputation fraction of donor i for recipient j
defined in (4), and

-IwR g ——
wy = | Gronnuy Mo TWR TR 20 @
1 if Rjy=landi=j.
The estimator (20) with wj; of (21), algebraically equivalent to (11), is called the fully efficient fractionally

imputed (FEFI) estimator.



We now consider variance estimation. Under compl ete response, |et a replication variance estimator be
L

V@) =Y c(6®-6)2, (22
k=1
where 8K is the k-th estimate of & based on the observations included in the k-th replicate, L is the
number of replicates, and ¢, is a factor associated with replicate k determined by the replication method.
When the original estimator 6 isalinear estimator of the form (2), the k-th replicate of 6 can be written
ok = Z Wi(k) Yi (23)
iOA
where w() denotes the replicate weight for the i-th unit of the k-th replication.

A proposed replicate for the FEFI estimator éFEF, is

R G
HI(ZII(E)FI = Z [ z Wi(k)J

g=1 {iDANU4

(k)
ZiDARﬂUg Wiy
(k)

24
ZiDARﬂUg Wi “

G

=3 T ¥ wiy,

g=1 i0ANU4i0ARNU 4
where Wi(k) is the complete sample replicate weight of unit i and vvi*j(k) = (ZQARHU w§">)—1 Wi(k). Using
9
the replicates (24), the replicate variance estimator can be written as
A L ~ ~
Vegr = Z Cx (gl(:kE)Fl —Orer )2 (25)
k=1

Note that the sum of the replication weights of the records for each recipient is the same as the replication
weight for that unit in a complete sample.

The suggested procedure is related to the Rao and Shao (1992) variance estimator for single imputation.
See also Yung and Rao (2000). Because (24) uses fractiona replicates, the estimator (25) is appropriate for
a vector of y-variables. Once computed, the replicate weights are appropriate for any smooth function of
the vector y. The variance estimator is consistent.

THEOREM 3.2 Let the assumptions of Theorem 3.1 hold. Let the replication variance estimator for the
complete sample be of the form (22). Assume the replicates satisfy

® < AV (26)

for all k, where ¢ are random variables with bounded fourth moments. Let éu be the complete sample

77,

estimator of the mean. Assume the complete sample estimator of the variance of éu , denoted by\7 (éu) ,
satisfies
AA ~ 2
e{[V@)-v@, 1R IR} = o) @)

for any y with bounded fourth moments. Then for a y with bounded fourth moments, the variance estimator
defined in (25) for a mean satisfies

_~ GU
Vegr = V (Grgy [F,) —Nj2 z z g5 (1-114,) €5, + 0, (N51) (28)
9y,=1 i g,
where §FEU is defined in Theorem 3.1, and the distribution is with respect to the sampling and response
mechanisms.



If the finite population correction can be ignored, the estimator (25) is consistent for V{67} . If the sample
sizeislargerelative to N, then an estimator of

Gy
N2> > mh(1-my,) €,

i=gy iUgy
should be added to (25). An estimator is
G
N_lz [z VVIJﬁél(l_ﬁg) (rg -1 Z (y| _ysg)zr (29
g=1 \i0Ag i0ARNU

T =n-1 \V; =r-1 A
where 7, = nglry and Vg, =714 ziDARﬂUg Y.

Estimator (29) can be constructed directly or by using replicates.

4. THE CELL MEAN MODEL

The imputation and variance estimation procedures outlined for the response model also produce consistent
estimators for the cell mean model. Under the cell mean model, the elements within a cell of the finite
population are a realization of independently and identically distributed random variables with mean 14
and variance 092 . Thus, for the cell mean model
i
Yo ~ (Ug,02), 10Ug, (30)
ii.

where Uq denotes the set of indices for the g-th imputation cell and ~ is the abbreviation for independently
and identically distributed. The imputation procedure based on the response model is not necessarily fully
efficient for the population mean under the cell mean model, but the estimator of the mean and the
estimator of the variance of the estimated mean are consistent.

The distribution of Y in the sample is determined by the sampling mechanism and by the distribution of the
vector Y. If there is no dependence of the distribution of Y on the sampling mechanism, the sampling
mechanism is said to be ignorable. The response mechanism isignorable if the conditional distribution of
Y given the sample outcome A and the set of respondents Ay is the same as the conditional distribution of Y
given A.

If the sampling mechanism and the response mechanism are ignorable, then the cell mean model holds for
the responding units as well as for the nonrespondents. That is,

LI
Y I(A A) ~ (g, 03)  i0Ug. (30)
The conclusions of Theorems 3.1 and 3.2 can be considered to be conditional results for a given finite
population. If the cell mean model holds, we can relax the assumption of a common response probability.

Theorem 4.1 Let the assumptions of Theorem 3.1 hold with the exception of (16). Assume there is some
K,,> 0 such that
Kﬂ < ﬂgui (32)

for all gand all v, where 7g,; isthe response probability of element i in population v. Assume the cell
mean model (31) holds. Then there exists a sequence of random variables Ggg, with

plim nzl/z(éFEu _§FEU) =0
U

and



~ . GU -
V(Bee,) = V(6,)+ E{ z z TGty (1= Ty )W, 03, (33)
g, =1 i0Ag,

iDAgU iDAgU

ﬁgu = [ Z VVIUJ Z Wiuﬂgui'

Theorem 4.2 Let the assumptions of Theorem 4.1 hold. Let the replication variance estimator for the
complete sample be of the form (22). Let the replication variance estimator satisfy the assumptions of
Theorem 3.2. Then the variance estimator for a mean defined by (25) satisfies

A -~ Gy -
Vegrr = V (Grgy IFy)) N2 Z Z TTG31g,i (1=114,) 03, +0,(Nn;t).
g,=1 iIIUgU

5. APPROXIMATIONSTO THE FULLY EFFICIENT PROCEDURE

In the previous sections, the estimator éFEF, was constructed to produce zero imputation variance. The

implementation of the fractional imputation procedure as described in (20), could require the use of alarge
number of donors for each recipient. Therefore, we outline a procedure with a fixed number of donors per
recipient that is fully efficient for the grand total, but not necessarily fully efficient for subpopulations. The
procedure assigns donors to produce small between-recipient variance of imputed values and modifies the
weights of donorsto attain full efficiency for the total.

Let w; be the original weights of the respondents. Define
Sw = D, W, (34)
iDARg
the sum of the weights of the respondentsin cell g. We assume that M donors are to be assigned to each
recipient. Donors are assigned such that the distribution of donors approximates the distribution of the
respondents. One possible selection method is stratification, where donors are selected within a stratum
with probability

Righ = SgahW - (35)
and
Sgn = 2 W
i0Argn

is the sum of the weights of donor elements assigned to stratum h in cell g. Given the set of donors for
recipient j, theinitial wj is

Wio = SgwSgun »
where element i belongsto stratum gh.

A second possible selection procedure is to use systematic sampling with probability proportiona to the
weights to select donors for each recipient. With this procedure theinitial wjj, are M

After the donors are assigned, the initial weights, W are adjusted with regression procedures so that the

sum of the weights gives the fully efficient estimator of the mean of y, and such that the estimated
cumulative distribution function based on the weights approximates the fully efficient estimator of the
cumulative distribution function. Simulation studies have shown this procedure to work well with M = 5.



6. SUMMARY

The properties of fractional imputation, where several donors are used for each missing value and each
donor is given a fraction of the weight of the nonrespondent, are described. It is shown that fractional
imputation with a small number of donors per nonrespondent can give a fully efficient estimator of the
mean. Fractional imputation permits the construction of a single set of variance estimation replicates that
can be used for variance estimation for imputed variables, for variables observed on all respondents, and
under model assumptions, for functions of the two types of variables. For example, the replicates give
consistent estimates of the variances of domain means. Fractional imputation gives variance estimates with
smaller bias and smaller variance than multiple imputation estimators with the same number of
imputations.
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