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Abstract

Marginal imputation, which consists of imputing each item requiring imputation separately, is
often used in surveys. This type of imputation procedures leads to asymptotically unbiased esti-
mators of simple parameters such as population totals (or means), but tends to distort relationships
between variables. As a result, it generally leads to biased estimators of bivariate parameters such
as coefficients of correlation or odd-ratios. Household and social surveys typically collect cate-
gorical variables, for which missing values are usually handled by nearest-neighbour imputation
or random hot-deck imputation. In this paper, we propose a simple random imputation proce-
dure, closely related to random hot-deck imputation, which succeeds in preserving the relationship
between categorical variables. Also, a fully efficient version of the latter procedure is proposed.
A limited simulation study compares several estimation procedures in terms of relative bias and
relative efficiency.

Key words: Balanced random imputation; Coefficient of correlation; Categorical variable; Fully
efficient estimator; Joint proportion; Odd-ratio; Random hot-deck imputation.

1 Introduction

Single imputation, which consists of replacing a missing value by an artificial value, is often
used in statistical agencies for treating item nonresponse. The main objective of imputation is to
reduce the nonresponse bias, which may be appreciable when the respondents and non-respondents
differ with respect to the study variables. Achieving an efficient bias reduction relies on the avail-
ability of auxiliary information, which is a set of variables observed for all the sample units. Impu-
tation leads to a complete rectangular data file, which is attractive for an analyst since complete data
estimation methods may be readily applied to compute point estimates. In some cases, response
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flags, indicating the item specific response statuses for each unit, are provided in the imputed data
file. In some situations, however, the flags are not provided by statistical agencies.

In household and social surveys, missing values are often handled through donor imputation pro-
cedures such as nearest-neighbour imputation or random hot-deck imputation. In this paper, we
focus on survey weighted random hot-deck imputation, whereby a missing value is imputed by the
value of a respondent (donor) selected at random from the set of respondents with probabilities pro-
portional to their sampling weights. In practice, survey weighted random hot-deck imputation is
generally applied independently within imputation classes, defined on the basis of auxiliary infor-
mation. The reader is referred to Andridge and Little (2010) for more details on random hot-deck
imputation; for multiple imputation methods suitable for categorical variables, see for example
White et al. (2010), Van Buuren (2012) and the references therein.

Most often, survey statisticians are interested in estimating simple parameters such as popula-
tion totals, means and marginal proportions. In this case, marginal imputation, which consists
of imputing variables separately, leads to asymptotically unbiased estimators, provided that the
assumed imputation model is correctly specified (Haziza, 2009). For example, one may use ran-
dom hot-deck imputation for each variable requiring imputation. However, this type of method
tends to distort the relationships between variables. As a result, estimators of parameters measur-
ing the relationship between variables may be severely biased, especially if the nonresponse rates
are appreciable. It is thus desirable to develop imputation strategies which succeed in preserv-
ing the relationship between categorical variables. For bivariate parameters involving continuous
variables, Shao and Wang (2002) proposed a joint random regression imputation procedure and
showed that it leads to asymptotically unbiased estimators of correlation coefficients. Chauvet and
Haziza (2012) proposed a fully efficient version of the Shao-Wang procedure in the sense that the
imputation variance is eliminated or considerably reduced. A different approach for dealing with
bivariate parameters was considered in Skinner and Rao (2002), who proposed to first use marginal
imputation to fill in the missing values and then to adjust for the bias at the estimation stage.

In household and social surveys, variables are often categorical so that the methods described above
are not directly applicable: rather than dealing with means and correlations, we are interested in
marginal and joint proportions. We propose a simple joint random hot-deck imputation procedure
that requires the same amount of information that is needed for random hot-deck imputation, and
show that it preserves the relationship between categorical variables in the sense that imputed
estimators of the joint proportions are approximately unbiased for their population counterparts.
Also, a balanced version is proposed, for which the imputation variance is virtually eliminated. The
proposed procedure leads to efficient and approximately unbiased estimators of joint proportions
while being more efficient than random hot-deck imputation if the interest lies in estimating the
marginal proportions.

2  Set-up

Consider a finite population U of size N. Let x denote a categorical study variable with possible
characteristics k = 0, ..., K — 1. Similarly, let y denote a categorical study variable with possible
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characteristics [ = 0,..., L — 1. We are interested in estimating pre = N™' >, 1(2; = k), the
marginal proportion of units who possess the characteristic k for z; poy = N™' 3., 1(y; = 1), the
marginal proportion of units who possess the characteristic / for y; and py; = N~} Yoier Wi =
k)1(y; = ), the joint proportion of units who possess both characteristics & for z and [ for y.

A sample s of size n is selected from U according to some sampling design p(-). Let w; = 1/7;
be the sampling weight attached to unit i, where m; = P(i € s) denotes its first-order inclusion
probability in the sample. Complete data estimators of pxe, pe; and py; are the Horvitz-Thompson
(1952) estimators

S N_lzwil(xi:k)a
€S

P = N wil(y =1), .1)
1€8

P = Nflzwil(xi:k)l(yi:l).

€S
The estimators Dye, Pe; and py; are design-unbiased for pre, pe; and py;, respectively. That is,

Ep (ﬁkO) =  DPke,
Ep (ﬁol ) = DPel,
Ep (ﬁkl) = Dkl

where £,(-) denotes the expectation with respect to the sampling design. Alternatively, the de-
nominator N = » ., 1in (2.1) can be estimated by N = > ics Wi, which leads to the so-called
Hajek estimators of pye, pe; and py; (Hajek, 1971). For simplicity, we confine to the case of the
Horvitz-Thompson estimators given by (2.1). In practice, both x and y are prone to missing values
and require some form of imputation.

In this paper, we assume that the units respond independently of one another. Also, the finite
population U is assumed to be partitioned into G imputation classes U*, ..., U9, ..., U% of size
NY, ... N9, ..., NY respectively. Inclass U9, denote by s¢ = sNUY the sample members; 59, the
set of nY,. respondents to both items z and y; s, the set of n?,, respondents to item x only; s? the
set of ng,respondents to item y only; s, the set of nd,  non-respondents to both items. Let ¢?,
denote P(i € s9]i € s) for any response/nonresponse pattern o € {rr, rm, mr, mm}. We assume
that a given pattern occurs with the same probability for any unit ¢ € s9, so that we simplify the
notation as ¢J, = ¢¢. The data are thus assumed to be Missing Completely At Random (MCAR)
within the imputation classes.

In practice, we may ensure that a given pattern occurs with (approximately) the same probability
inside an imputation class, by building these imputation classes as follows. We first select the
auxiliary variables that are related to the probability of response to = and y. We then fit a poly-
tomous logistic regression model using the selected auxiliary variables as predictors. For sample
unit ¢, we obtain the vector of estimated response probabilities (¢W, qﬁmn, @mr, d)lmm) Based
on these vectors, the sample is then partitioned into homogeneous groups by using a classification
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algorithm such as the k-means algorithm. Each of these groups forms one imputation class, and
the estimated response probability ng for each pattern o inside the imputation class g is simply
taken as the frequency of this pattern inside g. This method can be viewed as an extension of the
so-called score method (Haziza and Beaumont, 2007) to the case of two study variables.

The population proportions of interest may be rewritten as

G
NN, it = (V)7 3 1= )

i€l
G
pa=NT'Y O ONTpY with pl=(NO)THY Ay =1),
g=1 cU9
G
p=N"" ZNQ pl,  with pf = (N9 Z L(x; = k)1(y; = 1).
g=1 ieU9

Similarly, the complete data estimators (2.1) may be rewritten as

G
Pre=N"" Z N7 p, with  pf, = (N9 wil(z; = k),

€89

Dot = N~ Zng.l with  p?, = ( (N9)~ sz y; = 1),

€89

pu= NS RO wit g = (V) S e = K1 = ),

1€89

where N9 = Y icss Wi is an estimator of the g-th class size, N,.

Let 27 and y; be the imputed values used to replace the missing z; and y;. Imputed estimators of
Dke» Do and py; are respectively

G G
ﬁko,[ - N_IZZwll(xZ:k)—i—N_lZ Z U}Z]_(ZL',T:]{Z),

9=1 jes?, g=1 ies,,
G G

Par = NT'D D wlly=D4NT Y D willy =1, 22)
9=1 ies], 9=1 ics?,,
G

a = MY wdn = i =)+ NS S wie = 1 =0
9=1ies?, =1 ics,
G €]

+ NN wil(@ =Ry =D+ N wil(a] = k)L = 1),

9=l iesh, 9=1 iesd,,

where s9, = s, U sJ_ denotes the set of respondents to item z in class g; s9,, = s7,. U s?  de-
notes the set of non-respondents to item z in class g, and s¢,. and sJ,, corresponding to item y are
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similarly defined. Once the data have been imputed, the computation of (2.2) does not require the
response flags to be available in the imputed data file. Complete data estimation procedures may
thus be readily applied by secondary analysts for point estimation, which is an important practical
aspect.

In order to study the properties of an imputed estimator p,, ; of a proportion p,, we express its total
error as

ﬁo,[ —Po = (ﬁo - po) + (ﬁo,] - ﬁo) + (ﬁo,] - ﬁo,[) ) (2.3)

where p, ; = Ej (Do1) , for o € {ke, el kl}, and E;(-) denotes the expectation with respect to the
imputation mechanism, conditionally on the sample s and on the sets of respondents to items x and
y. In other words, F;(-) denotes the expectation with respect to the random selection of donors in
the case of a random imputation method. The first term on the right hand side of (2.3) represents
the sampling error, whereas the second and the third terms represent the non-response error and
the imputation error. The imputation error occurs solely from the random imputation mechanism.
We seek an imputation procedure under which the non-response bias

qu](ﬁo,]) = EquEI (ﬁo,] - ﬁo) - Equ (ﬁo,] - ﬁo)

is approximately equal to 0, where £, (-) denotes the expectation with respect to the assumed non-
response model, conditionally on the sample s.

We focus on survey weighted random hot-deck imputation, which consists of selecting a donor at
random from the set of respondents with probability proportional to its sampling weight, and then
using the donor’s item value(s) to "fill in” for the missing value of a non-respondent. Marginal
random hot-deck imputation, which consists of imputing x and y separately, tends to attenuate
the relationship between items being imputed. As a result, this method introduces a bias in the
estimation of py; that may be severe if the non-response rate is appreciable. In practice, it is
customary to use a slightly different version of random hot-deck imputation that consists of using
a common donor when both x and y are missing. For any class U9, we proceed as follows:
(1) fore € s? ., missing x; is imputed by =7 = k with probability
Plawe = (NS D wil(z; = k) 2.4)
i€s7q

estimated from the available cases (AC) in class g for item x, and N;?, =5 9, W

(i1) for: € s9_, missing y; is imputed by means of an analogous procedure;

rm?

(iii) fori € s7, , missing (z;,y;) is imputed by (z},y;) = (k, ) with probability

mm?

ﬁZl,cc = (Nfr)_l Z wzl(xz = k)1<y2 = l) (25)

i€sd,

estimated from the complete cases (CC) in class g to items = and y, with Nﬂr = e W

1E Sy
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When one variable only is missing, random hot-deck imputation estimates its distribution sepa-
rately from available cases for this variable. When both variables are missing, their distribution is
estimated jointly from complete cases for both variables. Random hot-deck imputation succeeds in
preserving the marginal distributions of = and y. Therefore, B, (Pre.s) ~ O and Bygr(Perr) =~ 0 for
any characteristics k£ and [. Although this imputation procedure generates less bias than marginal
random hot-deck imputation, there generally remains some bias when estimating the joint propor-
tions, since

G
Bogr(prer) ~ =N N6, + ¢%,) (0%, — plapl)). (2.6)
g=1

The proof of (2.6) is given in Appendix A. The asymptotic bias vanishes if ¢J,, = ¢7 . = 0 for any
g, which means that items x are y may not be missing separately, or if both x and y are unrelated
within imputation classes, in which case py;, = p{,p?;.

3 Proposed Imputation Procedures

To account for the existing relationship between variables, we propose two imputation procedures,
where the distribution of z is estimated conditionally on y if x only is missing, and where the
distribution of y is estimated conditionally on z if y only is missing. For any unit 7z € U9, we note

Y iess, Wil(w; = k)1(y; = 1)
Ziesgr wll(yl = l)

the estimated probability that z; = k& when y; = [, and
A9 Zie&qr wil(x; = k)1(y; = 1)

Pljece = > iess, Wil = k)

the estimated probability that y; = [ when z; = k.

e —
pk\l,cc -

As pointed out by Chauvet et al. (2011) and Chauvet and Haziza (2012), imputing missing values
may be performed by sampling within populations of cells, separately for each of the sub-samples
s? ., sd and sd .

mr?

(i) To handle units in s, we create a population of cells U2 of size n¢,. x K. Each cell (i, k)

is assigned the probability of selection ﬁiwi .- A random sample s7* of size n7 . is selected
from UZ", and missing x; is imputed by x} = k if the cell (i, k) is selected.

mnr?

(ii) To handle units in sJ, , we create a population of cells UZ* of size n¢,, x L. Each cell (i,1)

rm?

is assigned the probability of selection ﬁﬂxi - A random sample sy of size nf, is selected
from UZ" , and missing y; is imputed by y; = [ if the cell (7, 1) is selected.

rm?

(iii) To handle units in s9,, we create a population of cells U%% of size n¢, x (K L). Each cell

(4,q') is assigned the probability of selection py , .. A random sample s9, of size ng,  is
q 79

selected from UZ" . and missing (z;, y;) is imputed by (x}, yF) = (ky,[,) if the cell (7, ¢) is

selected.
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In the populations UZ" , UZ» and UZ, , each row stands for a non-respondent, and each column

mr? mm?

for a possible imputed value. We impose that

*

C1: the samples s97 , s9* and s7*

mr?

are drawn so that exactly one cell per row is selected.

The constraint C1 is required since exactly one imputed value must be selected for each non-
respondent. Imposing only the constraint C1 results in the joint random hot-deck imputation pro-
cedure which may be alternatively described as follows:

(i) fori € s? ., missing z; is imputed by 7 = k with probability ﬁim e

mnr?

(ii) fore € s, missing y; is imputed by y; = [ with probability ﬁﬂxi oo

rm?

(iii) fori € sf,,,, missing (z;, ;) is imputed by (7, y;) = (k,l) with probability py); ...

mm?

It is shown in Appendix B that B,,;(p, ;) ~ 0 under this imputation procedure, for o € {ke, o[, kl}
and any characteristics k£ and [. Guidelines are given in Appendix C to extend the joint random
hot-deck imputation procedure to the case of more than two missing items. A drawback of the
proposed procedure is that it suffers from an additional variability, called the imputation variance,
due to the random selection of donors. To eliminate the imputation variance, we further impose
that

*

C2: the samples s97, s9* and s7* are drawn so that the following balancing equations are satis-

fied:
-1
Z (ﬁZ|yi,CC> ti, = Z tik 3.1
(i,k)EsPmr (i,k)eUS

with ti, = {(ta)1,..., (bw)xr} ' and (tix), = w; ﬁi‘ywc 1(k = k) 1(y; = ;) for any
q=1,..., KL, where k, and [, are the two integers such that ¢ = k, x L + (I, + 1);

S () = Yt (32)

(i) esim (i,h)etin

with t = {(ta)r, .., (b))} and (ta)g = wi B, . 1(a: = kg) 1(I = 1,);

> (ﬁiqzq,w)ltiq = >t (3.3)

(Z'7Q)65$7:‘m (’L'7q)EU7gL*m
. T .
with i = {(tig')1, .., (tig)xr}  and (tig)q = w; Piq,zq,,cc L(kq = kq) Ly = 1y).

If the constraint C2 is exactly satisfied, we prove in Appendix D that p,; — po; = 0 for ¢ €
{ke, ol kl} and any characteristics k and [. As a result, the imputation error in (2.3) is equal to zero
and the imputation variance vanishes. If both constraints C1 and C2 are imposed in the selection
of cells, we obtain the balanced joint random hot-deck imputation procedure. The constraints C1

and C2 may be satisfied by selecting the samples s9* , s9* and s9* by means of the cube method

originally developed in the context of balanced sampling; see Deville and Tillé (2004) and Chauvet
et al. (2011). The extension of the above procedure to the case of three categorical procedures is

presented in Appendix C.
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4 Alternative Estimators

We now present some alternative estimation procedures for pi,, pe; and py;. In Section 7, these
procedures are compared empirically to the methods described in Sections 2 and 3 in terms of bias
and relative efficiency. We start by the complete case (CC) estimators

G
Proce = N DO NE e with pl = (N2)7" Y wil(a = b,
g=1

i€sd,

G
ﬁ'LCC = Nr;l ZNTQT ﬁfl,cc with ﬁfl,cc = (Nf?r)il Z wl]‘(yl = l)? (4.1)
g=1

i€shy
G
Price = N3V NG b with i = (N3)TH Y wilas = k)1 = 1),
g=1 i€sdy

which are based on the responding units to both z and y, where N,, = Zle Nﬁr. The bias of CC
estimators can be approximated by

By (Prece) = Zngl Ng{qﬁﬁrG— Or Pl — Prel
29:1 N, 9¢$7’

Zngl No{¢d,. — Qgrr}{pgl — pel}
>t Nyt

Z?:l Ng{@qr - Qgrr}{pil — Pri}
Sgmr Nothe

where B,,(-) denotes the bias under both the sampling design and the non-response model, and

Gy = N1 Zle Ny¢?,.. From (4.2), the CC estimators are biased if there is an association be-
tween the probability of responding to both variables and the proportion we wish to estimate.

Y

Bpg(Detce) = : (4.2)

qu (ﬁk’l,cc)

12

Y

The bias of the CC estimators can be removed by accounting for class information. This leads to
the adjusted complete case (ACC) estimators

G
A _ —1 : ~g
Preace = N E : N? Pleces

g=1
G
Potace = N2 N9 pZ, . (4.3)
g=1
G
ﬁkl,acc = N_l Z N? ﬁil,cc'
g=1

It can be shown that By, (Do qcc) = 0 for any o € {ke, ol kl}. The ACC estimators may be viewed
as propensity score adjusted estimators, where the response probability of a unit in a given im-
putation class is estimated by the response rate to both items within the same class. However,
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implementing ACC estimators in order to obtain a complete imputed data file will necessarily lead
to “impossible values”. For example, in the case of a binary variable (with possible values 0 and
1), the imputed values will never be equal to either O or 1 but will lie in the interval (0, 1), which
is a drawback from a micro-data point of view. In contrast, the imputation procedures described
in Sections 3 and 4 use the values of donors to replace the missing values, which eliminates the
problem of impossible values.

Another set of estimators are based on available cases, which leads to the available case (AC)
estimators

G
pA]“vaC = N;1 Nﬁo pz.,ac with ﬁz.,ac = (Nf?o)il Z wll(ml = k)>
9=1 i€5Ye
G
ﬁol,ac = No_rl Z Nogr ﬁfl,ac with ﬁgl,ac = (N;qr)_l Z wzl(yz = l)y 4.4)
g=1 i€sd,
ﬁkl,ac = ﬁkl,cca

A~

where N,, = ZG N¥,, and N,, is defined similarly. The bias of AC estimators can be approxi-

g=1 re’
mated by
B ~ Z?:l Ng{gbgo - Q_ﬁ’rc}{pZo - pko}
pa (Dke,ac) G g )
Zg:l Ng¢7’°
R ZG: N, {¢€r - Cgor}{pf _pol}
Byg(Patac) =~ ZL l : (4.5)

S Nyl
S No{ 62, — bor Ml — it}
S Nyt

12

Bhpq(Prtac)

Y

where ¢9, = ¢9. + ¢9 and ¢,y = N Z;;: L Ny#dy; ¢4, and ¢, are defined similarly. An AC
estimator is thus biased if there exists an association between the probability of responding to the
required variables and the proportion we wish to estimate.

The bias can be removed by accounting for class information, which leads to the adjusted available
case (AAC) estimators

G
A~ o —1 ; N
Pke,aac = N § N9 pk”acv

g=1

G
ﬁol,aac = Nil Z N9 ﬁgl,am (46)

g=1

G
A~ . —1 ) ~g
Pkl,aac = N E Ng pkl,ac'

g=1
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It can be shown that B, (Do qac) = 0 for any o € {ke, ol kl}. As for the ACC estimators, the AAC
estimators can be viewed as propensity score adjusted estimators, where the response probability
of a unit within an imputation class is estimated by the response rate based on available respondents
within the same class. Also, as for the ACC estimators, the AAC estimators will necessarily lead
to impossible values.

5 Variance Estimation under the Balanced Procedure

In this section, we turn our attention to estimating the variance of the imputed estimators under
the proposed balanced imputation procedure described in Section 3. It is well known that treating
the imputed values as if they were observed leads to serious underestimation of the variance of
imputed estimators if the proportion of missing data is appreciable and to poor confidence inter-
vals. Several variance estimation methods accounting for nonresponse and imputation have been
proposed in the literature; see Haziza (2009) for a review. In this paper, we focus on the boot-
strap method, which was studied by Shao and Sitter (1996). The rationale behind the Shao-Sitter
method is to select, using any complete data bootstrap method, a bootstrap sample consisting of
original or rescaled imputed data and their corresponding original response statuses. The bootstrap
data with a missing status are then reimputed using the same imputation method that was used in
the original sample. The proposed balanced joint random hot-deck imputation procedure entails
the application of the procedure within each bootstrap sample, which may be highly computer
intensive. A simplified bootstrap method can be used by noting that the imputation variance is
virtually eliminated under the proposed balanced imputation procedure. It consists of reimput-
ing the deterministic version of the balanced joint random hot-deck imputation procedure within
each bootstrap sample, which is equivalent to re-calculating p, ; = E; (p,, ;) within each bootstrap
sample, o € {ke, ol kl}. After some relatively straightforward algebra, we obtain

M2

~ -1 [ K79 20 \Tg ~I Y
Dker = N Nropko,ac + Nmrpko,mr + Nmmpko,cc:| )

Q
Il
_

b
E

ﬁd,l = Nogrﬁfl,ac + Nﬁmﬁfl,rm + Nrgnmﬁfl,cc} ) (51)

Q
Il
—

~ 1
P ~ N

M

(Nrgr + Ngqm)ﬁihcc + Nﬂbrﬁil,mr + Nﬁmﬁilﬂ“m] ’
Tt

Q
Il

A9 A9 . . A9 A9 A9 . .
where Phe.ac and Paj qc re given in 4.4), Do ces Pelce and Pkl cc ar€ given in (4.1) and

L ~
~g Zieﬁnr wy Zl:l 1(yl = l)piﬂ,cc

Premr = Z¢65$n,, s )
- D iest,, Wi Z?:l 1(z; = k)pﬂk,cc’
7 Zz’esi’.m Wy
g e, 010 = 0
7 Ziesfnr wi

Ziés?m wll(a}i = k)ﬁzk,cc

~g _
pkl rm
ZiEng wi
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As an illustration, we use the bootstrap weight method of Rao, Wu and Yue (1992) in the special
case of simple random sampling without replacement. The extension to stratified simple random
sampling without replacement is straightforward. The bootstrap weight procedure proceeds as
follows:

(1) Let n’ be the bootstrap sample size, which may be different from n.

(2) Draw a simple random sample with replacement s* of size n’ from s. Let m be the number
of times unit 7 is selected in s*. We have n’ = > _.__m;. For unit i € s, define the bootstrap
weight as

€S8

n

. -5
w::wi{1+ﬁ(nml —1)} with A:M.

n' n—1

Compute p; ; from (5.1) by replacing w; with w;.

(3) Repeat Step 2 a large number of times, C, to get with-replacement samples s*(!), ... s*(©),

For each sample s*(©), ¢ = 1,..., C, compute ﬁz;(f) like in Step 2.

(4) Estimate the variance of p, ; by
1< BN 2
S ~x(c) ~x(d)

The reader is referred to Chauvet (2007, 2015) for a review of bootstrap methods in survey sam-
pling, and to Antal and Tillé (2011) and Beaumont and Patak (2012) for bootstrap weight methods
in the context of unequal probability sampling designs. If the sampling fraction n/N is negligi-
ble, the bootstrap variance estimators (5.2) are consistent for the true variance; see Haziza (2009)
and Mashreghi et al. (2014) for a discussion on the consistency of the method of Shao and Sit-
ter (1996). Variance estimation for non-negligible sampling fractions in the context of bivariate
parameters requires further investigations.

6 Simulation Study

We conducted two simulation studies to test the performance of the point and variance esti-
mation procedures described in Sections 2-5. In the first study, we compared the performance of
several point estimation procedures in terms of relative bias and relative efficiency. In the second,
we tested the performance of the bootstrap variance estimator described in Section 5.

6.1 Performance of the Point Estimators

We generated a finite population of size N = 20, 000 consisting of two binary variables = and
y sothat k € {0,1} and [ € {0, 1}. The population consisted of five classes, each of size 4, 000.
We were interested in estimating the marginal first moments p;, and pe1, the joint proportion pqq

as well as the population odd-ratio
_ P11 Poo

OR )
P10 Po1

6.1)
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From the population, we selected B = 10,000 samples of size n = 2,000 according to simple
random sampling without replacement. In each selected sample, non-response to x and y was
generated according to a non-response mechanism described in Table 1, along with the population
characteristics. The characteristics of the population were chosen so as to obtain a positive asso-
ciation between ¢¢, and p{,, between ¢J, and p?,, and between ¢?, and p{,. The CC estimators
are therefore expected to be positively biased; see (4.2). Also, the characteristics of the population
were chosen so as to obtain a positive association between ¢, and p?,, and between ¢¢, and p?,.
The AC estimators are therefore expected to be positively biased; see (4.5).

Table 1: Characteristics of the population and mechanism used to generate nonresponse
Class Die De1 P11 OR ¢rr ¢rm ¢mr ¢mm

1 0.50 0.50 0.20 0.44 |[0.10 020 0.20 0.50
0.55 055 030 096 | 020 020 0.20 0.40
0.60 0.60 040 2.00 | 030 025 0.25 0.20
0.65 065 050 4.44 |040 020 0.20 0.20
0.70 0.70 0.60 12.00 [ 0.50 0.20 0.20 0.10

[ I SRS I \S]

In each sample, we computed seven estimators for each of the parameters of interest pie, Dei; P11
and OR: (i) the CC estimators given in (4.1); (ii) the ACC estimators given in (4.3); (iii) the AC
estimators given in (4.4); (iv) the AAC estimators given in (4.6); (v) the imputed estimators given
by (2.2) based on the random hot-deck imputation (RHDI) procedure described in Section 2; (vi)
the imputed estimators given by (2.2) based on the joint random hot-deck imputation (JHDI) pro-
cedure described in Section 3; (vii) the imputed estimators given by (2.2) based on the balanced
joint random hot-deck imputation (BJRHDI) procedure described in Section 3. In each case, an
estimator OR ; of the OR was obtained by replacing each unknown parameter in (6.1) by its corre-
sponding imputed estimator. Using a personal laptop and the IML procedure of the SAS software,
it took an average time of (.13 seconds to select a sample and to compute the associated estimators.

As a measure of bias of a point estimator 6 of a parameter #, we used the Monte Carlo Percent
Relative Bias (RB) given by

RB(@) — W

x 100, (6.2)
where Eye(f) = B 312, 0% and §®) denotes the estimator 6 in the b-th sample, b = 1, .. ., 10 000.
When the true value of the parameter 6 is close to zero, the relative bias may not be an appropriate
measure. This is not problematic in our simulation set-up as the values of pi,, pe1, P11 and OR
were bounded away from O (see Table 1). As a measure of Relative Efficiency (RE), we used
M S Epre (01
1 MSEyc(6e)

% 100, (6.3)
MSEMc(Q('))

where M SEy ¢ (é) is the Monte Carlo mean square error of § and 6*“° denote the adjusted available-
case estimator.
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Table 2: Monte-Carlo percent relative bias and relative efficiency (between brackets) of several
estimators

Estimator Die Dol P11 OR
CC 56(15) 5507) 16.7(10) 71.2(28)
ACC 00@6) 0044 0.0(100) 35.6(100)
AC 3341) 33@2) 16.700) 71.2(28)
AAC 0.0 (100) 0.0 (100) 0.0 (100) 35.6 (100)
RHDI 0.0(68) 0.0(68) -3.7(89) -21.8(278)
JHDI 00(@0) 0.0(59) 0.0(115 2.5@329)
BJRHDI 0.0(70) 0.0(67) 0.0@131) 2.3(@377)

Table 2 shows the Monte Carlo percent Relative Bias (RB) and percent Relative Efficiency (RE)
of the seven estimators of pi,, pPe1, P11 and OR. The CC estimators and the AC estimators showed
positive bias for pis, pe1 and p11, as expected. As a result, the corresponding estimators of OR were
strongly biased with a value of RB equal to 71.2%. The ACC estimator and the AAC estimator,
which account for class information, showed virtually no bias for py,, pe1 and p;;, but were signif-
icantly biased for OR with a value of RB equal to 35.6%. Turning to the imputed estimators, we
note that the imputed estimators of the marginal proportions showed no bias, as expected. How-
ever, under RHDI, both the imputed estimator of p;; and the estimator of OR were biased with
values of RB equal to —3.7% and —21.6%, respectively. Also, the biases were negative clearly
illustrating the problem of attenuation of relationships. On the other hand, both JHDI and BJRHDI
led to negligible bias, showing that both procedures succeeded in preserving the relationship be-
tween variables.

We now turn to the relative efficiency. We first consider the marginal first moments. We note
that the CC and ACC estimators were inefficient, which can be explained by the fact that they
tend to discard a lot of information. The imputed estimators under both RHDI and JHDI were
less efficient than the corresponding AAC estimator with values of RE ranging from 59% to 68%.
The efficiency loss arises from the random selection of donors in the random hot-deck imputation
procedures. The imputed estimators under BJRHDI were more efficient than the corresponding
estimators obtained under RHDI and JHDI, illustrating the reduction of the imputation variance.
In regards to the joint proportion pq1, the imputed estimator under RHDI was less efficient than the
AAC estimators, while the imputed estimators under both JHDI and BJRHDI were more efficient.
The imputed estimator of O R under all three imputation methods was considerably more efficient
than the AAC estimator.

6.2 Performance of the Variance Estimators

We conducted a second simulation study on the same population in order to assess the per-
formance of the bootstrap procedure described in Section 5. We were interested in estimating the
variance of the marginal first moments p;, and p,1, the joint proportion p;; as well as the popula-
tion odd-ratio OR.
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From each population, we selected B = 10, 000 samples of size n = 1,000 according to simple
random sampling without replacement. In each selected sample, non-response to x and y was
generated according to the non-response mechanism described in Table 1. We were interested
in estimating the variance of the imputed estimators of pi,, pe1, P11 and OR under the proposed
balanced joint random hot-deck imputation procedure. In each sample (containing respondents
and nonrespondents), we selected C' = 2, 000 bootstrap samples according to the bootstrap weight
procedure of Section 5. To measure the bias of the Bootstrap variance estimator, we used the
Monte Carlo percent relative bias given by (6.2). The true variance was replaced by a Monte Carlo
approximation, obtained through an independent run of 50, 000 simulations. Also, we computed
confidence intervals by means of the percentile method. For example, in the case of 6?{1, we

computed the C bootstrap versions of the odd-ratio, ONR;(C), c=1,...,C. An (1 —2a) confidence

interval is then given by [O~R;(L), ONR;(U) with L = a C and U = (1 — «) C. We computed the
coverage error rates of the percentile bootstrap confidence intervals, with nominal error rates of
2.5% and 5% in each tail. Using a personal laptop and the IML procedure of the SAS software,

it took an average time of 22 seconds to select a sample along with C' = 2, 000 bootstrap resamples.

Table 3 shows the Monte Carlo percent relative bias (RB) of the Bootstrap variance estimator and
the error rates. The Bootstrap variance estimator performed well for pie 7, Pe1; and pi; ;, with
an absolute relative bias less than 5%. The Bootstrap variance estimator was positively biased for
@1. This bias is partly due to the skewed distribution of the estimated odd-ratios, due to the
multiplicative structure of the parameter. The error rates were close to the nominal rates in all the
cases.

Table 3: Monte Carlo percent RB (in %) and error rates of the Bootstrap variance estimator

Nominal error rate
RB | Lower limit | Upper limit
2.5 50 |25 50

Prer| 3929 52 [34 57
Perr | -50 |34 59 [39 64
pus|-39125 56 |34 6.1
OR; | 162 |32 52 |33 58

7 Concluding Remarks

In this paper, we considered the problem of preserving the relationship between categorical vari-
ables when imputation was used to compensate for the missing values. We proposed a simple
joint imputation procedure that succeeds in preserving the relationship between two categorical
variables, unlike random hot-deck imputation. We also proposed a fully efficient version of the
proposed joint imputation procedure. Simulation results showed the good performance of both
methods in terms of bias. Also, the balanced joint random hot-deck imputation procedure was
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found to be significantly more efficient than the joint random hot-deck imputation procedure.

The properties of the proposed joint imputation procedures were derived under the assumption
that the data are MCAR within the imputation classes, which is essentially equivalent to the MAR
assumption. An alternative imputation procedure satisfying the MAR assumption consists of using
the auxiliary information to obtain a vector of estimated response probabilities. That is, the vector
of probabilities ¢; = (Girr, Dirm, Pimrs ¢imm)T may be modeled by using a set of auxiliary variables
u; available for the whole sample. For example, we may assume that this vector of probabilities
may be parametrically modeled as

with f(-) some known function and /3 a vector of unknown parameters. The estimated probabilities
ngSZ- = f(u; B) resulting from replacing $ with some estimator 3 (for example, obtained through
polytomous logistic regression) can then be used to define imputation weights which are used for
selecting imputed values to fill-in missing values (see Haziza and Rao, 2006; Chauvet et al., 2016).
The theoretical properties of such methods requires further investigations.

An alternative to balanced imputation is fractional imputation, where parameter estimation is per-
formed through the EM algorithm. In the context of fractional imputation, imputed values are
assigned a fractional weight; see Kim and Shao (2013, pp. 88) for a discussion of fractional impu-
tation for estimating joint probabilities. An empirical comparison between fractional imputation
and the proposed balanced procedure will be presented elsewhere.

In Section 5, we considered the case of negligible sampling fractions and gave an illustration
of the use of the Rao, Wu and Yue (1992) bootstrap method for variance estimation. Though
numerous bootstrap methods have been proposed in the literature, their drawback is that they are
not usually suitable for general sampling designs, in the sense that a particular sampling design
usually requires a tailor made resampling scheme. Estimating the variance under the proposed
imputation methods with non-negligible sampling fractions and with a general sampling design
is a challenging problem. The derivation of linearization variance estimators for the proposed
balanced joint random hot-deck imputation procedure is currently under investigation.
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A Proof of (2.6)

From the definition of py, ;, we have

EI(ﬁko,I) = N~ Zzwz z—k

9= 1165"
G
—1 ~g
+ONTIY Y Wit t N Z 2. wlzpklcc'
g=1 jesd . g=1iesd ..

Since Eq (i o) = Phe and Ey(3120 By..0) = B, we obtain

G
Egr (Preg) = N7 03wy, + ¢9,)1(zi = k)

g*l 1€89
+ N© Zpkozwl P+ NT Zpk.zwz
i€s9 €89
= N7 Z( ot ) D wil (= k) + N7 (6, + ) D wil (i =
g=1 €89 g=1 €89
= Nﬁlzwll(l}:k),
1€s

so that Bys (Pre.r) =~ 0. The proof for p,; ; is similar. We now turn to py; ;. From definition, we
have

e
Er(prr) = N_IZ Z wil(zi =k)1(yi =1)+ N~ Z Z w;1 K)D2 ac

9=1 jes?, 9=1 jesd,,
+ N© Zzwlpkoac _l +N© Z Z wlpklcc
g=1iecsd . g=1 zesmm
G
= NN wil(w =Ry =)+ N° me > wil(w; = k)
9=1ies], ISET .

+ N° Zpkoac Z wll(yl = l) +N712ﬁil,cc Z W;.

€SP g=1 €89 m
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Since Eq(ﬁi]z,ac) = ﬁi}l’ Eq(ﬁZo,ac) = f)io and E‘](ﬁil,cc>

Eq[ (ﬁku) ~

G
N7 69y wil(a = k)l
g=1

G
=0+ N pYx
g=1
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~ p7,, we obtain

1€59 1€89
G G
+ N7 lzpko gm“zwll(y :l)+N_1ZﬁZlX¢ganwl
g=1 i€s9 g=1 i€s9
G
g:l 1€89
G
+ N7 (V)Y ‘?m+¢ﬁw){zwi1($ :k:)}{ijl(yj:l)},
g=1 i€s9 j€s9

This leads to

Eyi(Drig — Pr) =

€89

G
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G
= —NY) (¢ 200 > wif1(z;
g=1 €59

and
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which leads to (2.6).

G
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pk.}{l( )—pgl},

B Non-response Bias for the Imputed Estimators under the Proposed Procedures

We first consider py, ;. From definition, we have

Er (Dre,1)

G
= N_IZ Z w;l(z; =

9=1 icsd,

G L1
+ N D> w 121

g9=1ies?,,
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: ~g ~ By L-1 ~g ~g :
Since Eq(py...) = i and Eq(> 2,20 Dhyce) = Dies We Obtain

Eqr (Preg) ~ N7 Zzwz + l) (@i = k)

g=1 i€s9
L—-1
+ N~ ZZU}Z Z sz Zwl
g=1 i€s9 =0 €89

= N! Zwil(% = k) = Pk,

so that B,y (Pres) =~ 0. The proof for pe s is similar. We now turn to py; ;. Using similar
arguments, we obtain

G
Er(Pu,r) = qu Z wil(z; = k)1(y; = 1) + N~ Z Z wil (T = k)Pl cc

g=1 jecsd, g=1ies9,,
G
—1 ~g
+ N E E w;1 Y; pk” cc +N E § WiPki ce (B.2)
9=1 iesd,, 9=1icsd.

and

~

G G g
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g=1

1€59 g=1 i€s9 Dke
G
+ N e, S wil(y = p’fl+N Zqﬁ > Wi,
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€S

so that By, (Pri.r) = 0.

C Extension of the Proposed Imputation Procedures

In this section, we briefly describe the set-up and extension of the imputation procedures to
the case of more than two missing items. To avoid intricate notations, we focus on the case of 3
missing items and describe the extension of the joint random hot-deck imputation only. In addition
to x and y, let z denote a study variable with () possible characteristics z; = 0, ..., ) — 1 for unit
7. We want to impute jointly the three variables =, y and z. We assume that the population U is
partitioned into G imputation classes Uy, . . . , Ug and note sJ the subset of units in s = SNUY with
pattern o € {rrr, mrr,rmr, rrm, mmr, mrm, rmm, mmm}, where the first letter in o refers to
the status of x (respondent or missing), the second to the status of y and the third to the status of z.
We assume that the data are MCAR within imputation classes, and we note P(i € s9|i € s) = ¢4.

The joint random imputation procedure described in Section 3 can be extended by modeling
the distribution of each variable conditionally on the non-missing items known for this variable.
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For any unit 2 € UY; we note

Y icss, Wil(w; = k)1(y; = 1)1(z = q)

/\g —

pk\lq,cc Zi€s$TT wzl(yl = l)l(zl — q) )
» D iest, willw = k)1(y; = D)1(z = q)
pl|kq,cc Ziesgw w11<x2 — /{)1(21 — q) >
g L Diess, wil(w = k) Ly = D)1(z = q)
Dylkt,ce Eies?«,«r wil(xi — ]{;)1(% — l) )

for the estimated conditional probabilities when two items are available; we note

» o Diess, wil(w = k) Ly = D)1(z = q)
pkl|q,0c - Ziesﬂw w,;l(zi — q) )
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for the estimated conditional probabilities when one item is available; finally, we note

_ Eiesgw wil(z; = k)1(y; = D1(z; = q)

g
P =
q,cc
ZZES?TT Wi

The joint random imputation procedure is as follows:

(i) for¢ € s, .., missing z; is imputed by x] = k with probability ﬁz‘yi%w;

(i1) fore € s9, ., missing y; is imputed by y = [ with probability ﬁf’mzl_ oo

rmr?

(u1) fori € s, missing z; is imputed by z; = ¢ with probability ﬁg iy ces

(iv) fori € s9,,,., missing (z;, y;) is imputed by (2}, y;) = (k,[) with probability py; .. ..;

mmr?

(v) fori € sY,,,,, missing (z;, 2;) is imputed by (27, z;) = (k, ¢) with probability py,, ..;

mrm?

(vi) fori € s,,,, missing (y;, z;) is imputed by (y;, z) = (I, ¢) with probability p;, ,

rmm?

(vii) for i € 59 missing (x;,y;, 2;) is imputed by (2}, vy, 2}) = (k,[,q) with probability

mmm?

W~
pqu,cc'

D Properties of the Balanced Joint Random Hot-deck Imputation Procedure

In this Section, we prove that p, ; = Do ; foro € {k’e, o’ k'l'} and any characteristics &’ and ['.
We first consider pyre ; for ' = 0, ..., K —1. The case of pey ; for I’ =0, ..., L —1 may be proved
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similarly. Using (B.1), we obtain after some algebra that a sufficient condition for pire ;1 = Pire 1 15

G:

Z w;l(x
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Z w;1(x}

1€ESHm

that forany g =1, ...,

K"
In (D.1), the first term may be rewritten as

>, w
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and the second term may be rewritten as
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D Wiy
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so that (D.1) follows from (3.1).
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Similarly, (D.2) follows from (3.3). We now consider py ; for
., L—1. Using (B.2), we obtain after some algebra that a sufficient
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It is easily proved that (3.1), (3.2) and (3.3) imply (D.3), (D.4) and (D.5), respectively.



