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ABSTRACT

The System for Estimation of Variance due to Nonresponse and Imputation (SEVANI) is a SAS-based prototype system with a
graphica user interface. Variance estimation is based on the quasi-multi-phase framework. In this framework, a nonresponse
model is required and an imputation model can also be used. Two types of nonresponse treatment methods can be dealt with:
nonresponse weighting adjustment and imputation. If imputation is chosen, SEVANI requires that one of the following four
imputation methods be used: deterministic linear regression imputation, random linear regression imputation, auxiliary value
imputation or nearest-neighbour imputation. In this paper, the methodology that SEVANI is based on will be described and an
example using real data will be presented to illustrate the theory in practice.
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1. INTRODUCTION

Most surveys, if not al, have to deal with the problem of nonresponse. Different reasons might explain the presence of
nonresponse, such asarefusal to providethe desired information for at least one question or animpossibility to contact a
given unit. Nonresponse can also be produced at the editing step of the survey in an attempt to resolve problems of
inconsistent or suspect responses. Therefore, nonresponse takes here its general meaning of missing valuesinthe sample.

Nonresponse leadsinevitably to an observed sample of smaller size than the sample originally selected. Thissamplesize
reduction is most of the time accompanied by an increase in the variance of the estimates, no matter which method is
chosen to treat nonresponse. Thisincrease in variance is called the nonresponse variance. The imputation variance is
defined here as a component of the nonresponse variance which is due to the use of arandom imputation method.

At the beginning of the 80's, most research efforts on nonresponse were focused on the eval uation and the reduction of
nonresponse bias. Since that time, a lot of research work has been devoted to estimating the nonresponse variance,
especially when imputation is used to replace the missing values (see Lee, Rancourt and Sérndal, 2001 for areview). The
result of some of this research activity lead to the development of the System for Imputation Variance (SIMPVAR),
which was presented at the Statistics Canada Symposium 1997 (Rancourt, Gagnon, Lee, Provost and Sarndal 1997).
More recently, work has been done to allow more nonresponse treatment methodsto be handled in aunified framework
for variance estimation, called the quasi-multi-phase (or quasi-randomization in the terminology of Oh and Scheuren,
1983) framework. Sérndal and Swensson (1987), Sarndal (1992), Rao and Sitter (1995) and Beaumont (2000) are
examples of papers that are based on the quasi-two-phase framework. As a result of the substantial modifications in
SIMPVAR, the name was changed to the System for Estimation of Variance due to Nonresponse and Imputation
(SEVANI). SEVANI isaprototype system devel oped using SASv8. Therefore, SEVANI only supports SASv8filesand
libraries. It is a collection of macros that can be run separately or by using the graphical user interface.

Version 1.0 of SEVANI requires that the popul ation parameter to be estimated be adomain total or adomain mean and
that the full response estimator be the Horvitz-Thompson estimator or inthe family of calibration estimators. Two types
of nonresponse treatment methods can be dealt with: nonresponse weighting adjustment and imputation. If imputationis
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chosen, SEVANI requires that one of the following four imputation methods be used: deterministic linear regression
imputation, random linear regression imputation, auxiliary value imputation or nearest-neighbour imputation.

2.WHY SHOULD THE NONRESPONSE VARIANCE BE ESTIMATED?

Asnoted by Rancourt and al. (1997), there are several reasonsfor estimating the variance of an estimator whether thereis
nonresponse or not. When thereis nonresponse, the following four main reasons of estimating the nonresponse variance
can be emphasi zed:

i) To obtain valid inferences in the presence of nonresponse;

i) To measure properly the quality of estimates produced by the survey and to inform users of the data
quality;

iii) To better allocate survey resources,

iv) To compare different nonresponse treatment methods and make better decisions.

The third reason means that if the nonresponse variance is large compared to the sampling variance in a given stratum
then it might be desirable to put more resources on preventing nonresponse (for example, more follow-ups of
nonrespondents) for that stratum. To achieve this objective for agiven survey cost, the desired sample sizemight haveto
be reduced. Thiswill lead to an increase in the sampling variance but a larger reduction of the nonresponse variance
might be anticipated and, thus, the total variance should decrease.

A good modeling effort is always required to minimize the nonresponse bias as much as possible and to find a
nonresponse treatment method. If one model is better than all other models, then there is no need to estimate the
nonresponse variance in order to choose a method. However, if there are competing models, estimating the nonresponse
variance can be used as a criterion to make a decision on the nonresponse treatment method to be chosen as pointed out
in the fourth reason above.

3. THE FULL RESPONSE CASE

Let usassumethat it is desired to estimate adomain total or adomain mean for agiven population U, and let us denote
this unknown population parameter by @ . In the case of adomain total, 8 =, _, d, v, , where y, isthe value of the

variable of interest y for population unit k and d, isan indicator variable equaling 1 if unit k belongs to the domain of
interest and O otherwise. In the case of adomainmean, 6 =%, d, Y, /2 dy -

Sinceitisusually not possibleto survey al population units, arandom sample Sis selected according to some sampling
design. The selection probability for unit k is denoted by =, and the probability that a given sample s be selected is

denoted by p(s) . Expectations under the sampling design are denoted by E () . An estimator 0 of 0 is usualy
obtained by computing estimation weights W, , for ke S. In the case of adomain total, 0= > es W d, Y, , andinthe

case of adomain mean, 6 =Y, _s W, d, Y, /s W, d, . If no auxiliary information is available at the population level
then the usual Horvitz-Thompson (HT) estimator of ¢ isobtained by taking w, =1/, .

It is not unusual that a vector of auxiliary variables x, be available for all sample units and that population totals,
t,, =2y Xy » beknown for thesevariables. Inthat case, it is possibleto use thisauxiliary information in the formof a

calibration estimator to improve the usual HT estimator of @ . For example, the Generalized Regression (GREG)
estimator can be used with the estimation weights w, = w, g, , where
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w, =1z, and c, isaknown positivefunctionof x,, that correspondsto thevariancestructure of the estimation model
underlying the GREG estimator. The GREG estimator is asymptotically p-unbiased, that is, E (é) =0.

The sampling variance of 0 isdenoted by Ve =V, (é) . Itis assumed that some variance estimator existsfor V,,,

denoted by \A/,;am = \7p (é) . For example, \,\/m could be obtained using techniques such as Taylor linearization, bootstrap
or jackknife.

4. THE QUASI-TWO-PHASE FRAMEWORK

In the quasi-two-phase framework, nonresponse is viewed as a second phase of selection and the variable y is only
observed for part of the samples. Therandom sample of respondentsisdenoted by R, (thesubscript 1indicatesthatitis

the first phase of nonresponse). The probability that sample unit k respond is denoted by p,, = P(ke R |s). The
probability that two different ssmple unitsk and | respondisdenoted by p,, = P(ke R, , 1€ R |s) . Theprobability that
agiven sampleof respondents r, be observed isdenoted by ¢, (r; | S) and expectationsunder the nonresponse mechanism
are denoted by E, (-|s). Expectations under the sampling design and the nonresponse mechanism are denoted by
Ep V=E,E,(I9).

In the presence of nonresponse, the GREG or HT estimators 0 cannot be calculated since Y, is not observed for

k e s—r, . Nonresponse weighting adjustment or imputation isusually performed to obtain an adjusted estimator 0" .\tis
assumed that the adjusted estimator is asymptotically g;-unbiased conditional on the realized sample s, that is,
E, (6" |s)=0 . Consequently, 6" is approximately unconditionally unbiased (E ,, (¢")=E E, (6" |s)=0) and its
variance can be approximated by

5 V. E, (0 |9+E. V. (0 |s
qul(e) = p ql( |) p ql( |)

0

V,(0)+E,V, (0" |9 (4.1)
= Vm +Vnr1 '

where V,,, =E V, (é* |s) is the first-phase nonresponse variance. Therefore, an approximately unbiased variance

estimator for V,,, can simply be obtained by finding an approximately unbiased estimator for V, (é* |s). Since the

nonresponse mechanism is unknown in practice, a nonresponse model is needed to approximate it. Therefore, the
variancein (4.1) isvalid only if the postulated nonresponse model isagood substitute for the true unknown nonresponse
mechanism. Thisis the reason why the framework is termed quasi-two-phase.

When imputation is used to treat nonresponse, more effort is usually devoted to finding agood imputation model (model
for the variabley, denoted by m) than to finding agood nonresponse model. Inthis case, it might be preferablenot torely
too heavily on the nonresponse model and to use the imputation model to obtain avariance estimator. One such approach

is described in Sarndal (1992). Instead of estimating V (é' ), he proposed to estimate the model expectation of
V., (07), whichisgiven by



EmVp%(é*) = Emvp(0)+EmEpV0ﬂ(e* |S)
Vo, +Vr
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(4.2)

where, here, the sampling varianceis Vg, = E V,, andthefirst-phase nonresponsevarianceis V;, = E_V,,, . Under

m Yl
thisapproach, it isgenerally assumed that the sampling design and the nonresponse mechanism areignorable with respect
to the imputation model m, as defined in Rubin (1976). As a practical matter, this means that all the relevant design
information and the information related to the nonresponse mechanism have been included in theimputation model. This

assumption makes variance estimation much easier. In particular, provided that qu(é* |s):é, the first-phase
nonresponse variance can be written as

V;‘l:EqulEm{(é* 6y},

Asaresult, an approximately unbiased variance estimator for V7, can simply be obtained by finding an approximately

nrl
unbiased estimator for E,, {(é* - 5)2 } which does not require modeling the unknown nonresponse mechanism, apart
from assuming that it isignorable. This nonresponse model (assumption that the nonresponse mechanismisignorable) is
much wesaker than the nonresponse model specification usually required for estimating (4.1). However, this approach
requiresthat theimputation model m be valid. The choice between estimating (4.1) or (4.2) should therefore depend on
the confidence the survey methodologist has in the nonresponse model or in the imputation model. If the nonresponse

model is thought to be of better quality than the imputation model then estimating (4.1) should be preferred over
estimating (4.2) and vice-versa.

5.MODELSUSED IN SEVANI

As a consequence of the unknown nonresponse mechanism, response probabilities p,, , for ke s, and joint response
probabilities p,, , for k,I € s, are aso unknown. In order to estimate the variance in (4.1), these probabilities are
generally estimated using anonresponse model. Thisisthe nonresponse model approach. A commonly used nonresponse

model is the uniform-within-class nonresponse model, where al units within a given class are assumed to respond
independently of one another with the same response probability.

In practice, joint response probabilities p,, arenever estimated directly. Therefore, it isnecessary to assume someform

of independence to get rid of joint response probability estimation and to simplify estimation of variance (4.1). In
SEVANI, it is assumed that clusters of unitsc, for ce s’, respond independently, where s is the selected sample of
clusters. That is, al sample unitswithin a cluster ¢ are observed simultaneously or they are all missing simultaneoudly.
The response probability for all units ke s, isdenoted by p;. , where s, isthe sample of unitsin cluster c. Thejoint

response probability of a unit k in cluster ¢ and a unit | in a different cluster ¢’ isequa to p;. p;., while the joint
response probability of any two unitsin the same cluster cisequal to p;. . A typical example where clusters of unitscan
be assumed to respond independently occurs when dwellings (clusters) are selected but the desired information is

collected for all people in the selected dwellings. Note that a cluster could also contain only one sample unit and, thus,
correspond exactly to a unit of analysisk.

Provided that the selected nonresponse model is satisfactory, the estimated response probabilities should be closeto the
true unknown response probabilities. In SEVANI, the estimated response probabilities are assumed exactly equal to the
true response probabilities p,, (or p;. ). Thisshould lead to an underestimation of the nonresponsevariance V,,, when

nrl

0 depends on these response probabilities, asit is the case when a nonresponse weighting adjustment is performed or,
sometimes, when imputation is used. However, some simulation studies (for example, Mantel, Nadon and Y eo, 2000)
have shown that the underestimation is often negligible.



In order to find an estimator of the variance (4.2), SEVANI assumes that the sampling design and the nonresponse
mechanism are ignorable with respect to the imputation model. Also, SEVANI uses the imputation model m such that
E.(Ye [X)=B%., V,,(Y. | X,) isproportional to ¢, and observationsareindependent of oneanother. Thevector X,

containsauxiliary variables, availablefor all k e s, used to obtain theimputed estimator 0 , B isavector of unknown
model parametersand c, isaknown positivefunctionof x, that correspondsto the variance structure of theimputation

model m. Thisistheimputation model approach. Sometimes, imputation is performed independently withinimputation
classes. SEVANI deals with this situation by fitting a different model for each class. It is also possible to deal with
imputation classes by including dummy variablesinto the vector X, , which indicate to which class the unit k belongs.

A good modeling effort is always necessary to reduce the nonresponse bias and the nonresponse variance as much as
possible, no matter which nonresponse treatment method is chosen. As part of the modeling effort, the appropriate

selection of auxiliary variables, that are used to obtain the adjusted estimator 0 , isthe key to reduce the impact of
nonresponse.

6. NONRESPONSE TREATMENT METHODS

6.1 Nonresponse Weighting Adjustment

A common remedy to unit nonresponse consists of performing a nonresponse weighting adjustment. When auxiliary
variables x, areavailable, theresulting adjusted estimator 6" of 0 isobtained by viewing unit nonresponse asasecond
phase of selection and by using the GREG estimator under two-phase sampling. In the case of a domain total,
6 =% cr W.d, Y, and in the case of a domain mean, 6 =Yier WY, /Zicr Wid, , where W, =w g, isthe
estimation weight of unit k,

. -1
. X W, , .
a, =1+i(z ] Cl—kxlkxlkj (txl _ZkeRkaxlk) (6.2)
k

and W, =w, /p, isthe nonresponse adjusted weight of unit k. When no auxiliary variable is available, the adjusted
estimator §° has the same form, with g, in (6.1) replaced by g, =1.

6.2 Imputation

Imputation is generally used to compensate for item nonresponse and sometimes used to deal with unit nonresponse.
Imputation consistsin replacing the missing value y, of anonresponding unit ke S— R, by animputed value y, . The

adjusted estimator §° of 0 is 0" =Y, s W.d, Y., inthecaseof adomaintotal and 6" =3, o W, d, Y., /s Wd, in
the case of a domain mean, where y,, =R, Y, +(1- R, )y, and R, isarandom variable indicating whether unit k
responded (R, =1) or not ( R, = 0). Eachimputation method leads to adifferent way of obtaining imputed values vy,
and a different adjusted estimator 0" .

With Deterministic Linear Regression (DLR) imputation, the imputed value y, is equal to the predicted value ﬁ’xk
obtained from the imputation model m, where
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isthe estimator of B and a, isaregressionweight. DLR imputation includes many special cases such as, for example,

mean imputation or ratio imputation. When there are imputation classes, ﬁ is estimated separately for each class.

To each DLR imputation method, there is a corresponding Random Linear Regression (RLR) imputation method. With
RLR imputation, the imputed value y, is equal to ﬁ’xk +e,, where g  is a random component. That is,
e =(y, —fi’x,),/ck /¢, andunitlisarespondent (| € r, ), inthe sameimputation classasunit k, selected randomly with

replacement and with probability proportional to a, . An example of RLR imputation is random hot-deck imputation,

which isthe random version of mean imputation. With random hot-deck imputation, amissing value is replaced by the
value of arandomly selected respondent in the same imputation class as the nonrespondent.

With Auxiliary Vaue (AV) imputation, the missing value y, of a nonresponding unit ke s—r; is replaced by an
auxiliary value z, . Theimputed value y, = z, isobtained by using only datathat come from the nonresponding unit k,

such as historical data. Carry-forward imputation is an example of AV imputation, where the auxiliary value z, isthe

value of the variable y observed at a previous period of the survey. This imputation method can be justified by the
imputation model mwith B, being known. Consequently, thereis no unknown vector of parametersto be estimated, as

opposed to regression imputation methods.

Finally, with Nearest-Neighbour (NN) imputation, the imputed value y, isequa to y,, where unit | is the closest

respondent of unit k with respect to the auxiliary variables x and | isinthe sameimputation classask. To determinethe
closest respondent of unit k, adistance measureisrequired. In SEVANI, itisassumed that the L, normhasbeenused. It

isalso assumed that the auxiliary variables are numerical and have been standardized. Thisisdone either by subtracting
the mean and dividing by the standard deviation each auxiliary variable or by replacing the values of each auxiliary
variable by their ranks.

7.VARIANCE ESTIMATION
7.1 Sampling variance estimation

In the presence of nonresponse, usual sampling variance estimators \A/%m of Vg =V, (é) cannot be computed since y,
is not observed for ke s—r;. However, it is possible to estimate Vp(é |r,) by \7p(é|rl) using standard variance
estimation techniques. This can be achieved by treating R, , for ke U , as being fixed and using existing variance
estimation systemsvalidin thefull response case. An approximately unbiased variance estimator \7;‘“ = \7p (é [r)+ \700,
of V,, canthen beobtained, where \A/OOr isconstructed suchthat E (\A/mr |s) = Vm— E, {Vp(é [r)] s}. Inversion 1.0,

SEV ANI does not estimate the sampling variance. However, in the case of nonresponse wei ghting adjustment, SEVANI
computes V_, , if requested, using the Taylor linearization technique.

cor ?

Whenimputationisused, estimating Vg, = EV, instead of V,,, might be moreappropriate, asnotedinsection4. In
fact, what isreally desired isto find an approximately model unbiased predictor for vm , that is, apredictor \7;m such
that Em{(\A/;m— VA )| S, rl}z 0. Itiseasy to show that such apredictor V., ismpg-unbiased for V.7 .



One way to obtain an approximately model unbiased predictor for \A/%m consists of imputing the missing values by
drawing values from the estimated distribution of {y, : ke s—r,} given {y, :ke r,} before using a standard variance
estimator valid in thefull response case. Essentialy, this meansthat arandom component is added to the imputed values

in the case of DLR and AV imputation before using a standard variance estimation system. In the case of RLR and NN
imputation, imputed values do not need to be modified. Note that these modified imputed values are only used for

variance estimation and they have no effect on the adjusted estimator 6" . Note also that this method of predicting vm
has not been implemented in the current version of SEVANI.

To obtain a more efficient estimator, more than one set of imputed values could be drawn. The final sampling variance
estimate would be obtai ned by averaging the sampling variance estimates associated to each set of imputed values. This
looks like multiple imputation, except that, here, imputation does not need to be proper. In practice, it may be more
convenient to have only one set of imputed values. This should lead to reasonabl e sampling variance estimates unlessthe
nonresponse rate is very high.

7.2 Nonresponse variance estimation

As noted in section 4, when the nonresponse model isthought to be of better quality than the imputation model, using a
nonresponse model approach (estimating 4.1) ismore natural than using an imputation model approach (estimating 4.2).
This is the case when a nonresponse weighting adjustment is performed since no effort is devoted to finding an
imputation model. An approximately unbiased variance estimator for V,, can simply be obtained by finding an

approximately unbiased estimator for V (é* [s). InSEVANI, V. (é* | s) is estimated using the Taylor linearization
technique and the assumption that clusters of units respond independently.

When imputationisused, estimating V y, might be more appropriatethan estimating V,, . InSEVANI, estimating V

nrl
isachieved by estimating E {(é* - é) 2} and by assuming that the sampling design and the nonresponse mechanism are
ignorable with respect to the imputation model m. Since 6" and 6 arelinear estimators, a closed-form expression for
E. {6 -6)?} iseasily obtained.

Whether it is chosen to estimate V,,, or V[, an additional component of variance must be computed when RLR

nrl?
imputation is used. This additional component of variance takes into account the variability that is due to the random
imputation process. With RLR imputation, the nonresponse variance is thus equal to the nonresponse variance of the
corresponding DL R imputation method plus the additional random imputation variance. It easy to obtain aclosed-form
expression for the random imputation variance and it does not depend on the approach chosen (nonresponse model
approach or imputation model approach).

NN imputation isanonparametric imputation method since it does not require specifying theimputation model to justify

the form of the adjusted estimator 6" and to determine its model unbiasedness property. Therefore, using a linear
regression imputation model to obtain avariance estimator might not always be appropriate, especially when the linear

model does not hold satisfactorily. If a nonresponse model approach is chosen, the adjusted estimator 6" isnot smooth
and complications arise when the Taylor linearization technique is used.

To cope with problems associated to the use of NN imputation, NN imputation can be viewed as a random hot-deck
imputation method, where the number of imputation classesis equal to the number of distinct values of the variabley.
This corresponds to an imputation model with no degree of freedom. Therefore, it is not possible to estimate the
variability within an imputation class since, by definition of NN imputation, thereis no variability. SEVANI dealswith
this problem by approximating the adjusted estimator using NN imputation by the adjusted estimator using random hot-
deck imputation within imputation classes, where the classes are small but contain at least two respondents. To form
classes, SEVANI usesthe“k-means’ clustering algorithmimplemented inthe FASTCLUST procedure of SAS. SEVANI
uses the same standardization method and the same distance measure as those used to perform NN imputation.



8. THE QUASI-MULTI-PHASE FRAMEWORK

The quasi-two-phase framework can be easily extended to the quasi-multi-phase framework. Inthelatter framework, itis
possible to estimate the nonresponse variance associated to more than one nonresponse mechanism or, in other words,
more than one cause of nonresponse. For example, most surveys suffer from unit and item nonresponse and these two
types of nonresponse are likely to be explained by different nonresponse mechanisms. Moreover, they are often not
treated in the sameway. Unit nonresponseisusually treated by a nonresponse weighting adj ustment techniquewhileitem
nonresponse is usually treated by an imputation technique.

Version 1.0 of SEVANI can be used to estimate up to three components of nonresponse variance; each of them
associated to a different nonresponse mechanism. Each additional nonresponse mechanism is viewed as an additional
phase of selection (or phase of nonresponse). Therefore, when there is more than one nonresponse mechanism, the
approach is termed quasi-multi-phase instead of quasi-two-phase. Although different methods can be used at different
phases of nonresponse, SEVANI restricts nonresponse weighting adjustment to the first phase of nonresponse only.

In the case where there are two phases of nonresponse, the variable y is only observed for part of r,. The sample of
respondents at the second phaseis denoted by r, . The probability that a given sample of respondents r, be observedis
denoted by q,(r, |s,r;) and expectations under the second phase nonresponse mechanismaredenoted by E, (-|s,r;) .
Expectations under the sampling design and both nonresponse mechanismsaredenoted by E ,, . ()=E, E, (-|s,1;) .

When there are two phases of nonresponse, the adjusted estimator 6" cannot be calcul ated since Y, isnot observed for
ke r, —r, . Nonresponse weighting adj ustment or imputation isusually performed to obtain adouble adjusted estimator

0" . It is assumed that 0" is approximately g,-unbiased conditional on the observed samples s and ry, that is,
E,, (é** [s,ry) ~6" . Consequently, 0" isapproximately unconditionally unbiased and its variance can be approximated
by

V. (¢ ):qul(e*)+ququ2(9 Isr),

where V,,, =E,, V, (é* |s,r;) isthe second-phase nonresponse variance. If an imputation model approach is chosen

then E\V .0, (é” ) isestimated. Estimating the second-phase nonresponse varianceisvery similar to estimating thefirgt-

phase nonresponse variance and the same techniques can be used. Estimationof V (5* ) hasalready been discussedin

the previous sections. Note that SEV ANI adds arandom component to theimputed valueswhen AV or DLR imputation
isused at the second phase. Thisisto make sure that the first-phase nonresponse variance is properly estimated. Thisis
also necessary for estimating the sampling variance. The extension to a third phase of nonresponse is straightforward.

9. AN EXAMPLE

This example shows how SEV ANI can be used to compare different nonresponse treatment strategies using Labour Force
Survey (LFS) data. Inthe LFS, we are concerned with determining whether carry-forward imputation could be replaced
with alongitudinal random hot-deck method. One way to measure which method performs better consists of estimating
the nonresponse variance for each method. In this example, the population parameter of interest isthe total number of
employed individuals in the population.

The LFS is a monthly survey whereby 5/6 of the sample is common from month to month. Therefore when there is
nonresponse and historical information exists, the current practice isto transfer this information to the current month.
This practice is known as carry-forward imputation.



Asmentioned in section 5, random hot-deck imputation consists of replacing amissing value by the value of arandomly
selected respondent in the same imputation class as the nonrespondent. In longitudinal random hot-deck imputation,
classes are constructed using historical auxiliary information. Longitudinal random hot-deck imputation is a random
version of longitudinal mean imputation, where a missing value in a given class is replaced by the respondent mean
within that class.

The construction of imputation classesis based on the score methodol ogy (for example, Haziza, Charbonnier, Chow and
Beaumont, 2001). First, two logistic regression models were used: one model for the probability that an individual is
employed and one model for the probability that an individual isunemployed. Stepwise regression wasthen usedinan
attempt to find the best historical auxiliary variablesfor each model. A full year of LFS datawas used in the process of
choosing the final models. In the end, the labour force status of the previous month was the most important variable
included in both models.

Once the models were obtained, historical data was used to get the estimated probability of being employed and
unemployed for al unitsthat responded in the previous month. A clustering algorithm (PROC FASTCLUSIin SAS) was
then used to form classes homogeneous with respect to the two probabilities. Hot-deck and mean imputation was
performed within each class.

Asseeninfigure 1.0, the nonresponse varianceis always|lowest when carry-forward imputationisused. However, witha
larger number of classes, longitudinal hot-deck and longitudinal mean imputation almost give the sameresults as carry-
forward imputation.

Figure 1.0 - Comparison of Imputation Methods
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Note that SEVANI only estimates the nonresponse variance and not the nonresponse bias. Since carry-forward
imputation is likely to have a higher nonresponse bias than the longitudinal mean or hot-deck methods, we tried to
estimate the mean square error (M SE) instead of the variance. In an attempt to estimate the bias, mean imputation within
classeswas performed using avery large number of classes (1500). The point estimate was obtained and thiswasused as
the benchmark for estimating the bias and the M SE.

Asseenin Figure 2.0, in terms of the M SE, carry-forward imputation is no longer the best method when the number of
classesexceeds4. Longitudional meanimputation now outperformsall three methods. Longitudina hot-deck imputation
still has a higher M SE than carry-forward imputation, but the differencein valuesis not that large. Infact, perhapsthe
higher bias involved with carry-forward imputation would make the longitudinal hot-deck method a more attractive
alternative.

As has been seen by the above example, SEVANI can be used as part of the processin eval uating nonresponsetreatment
strategies. In this case, SEVANI showed that carry-forward imputation was performing the best in terms of the
nonresponse variance. However, other factors, such as nonresponse bias, also need to be considered.



Figure 2.0 - Comparison of Imputation Methods After Bias Adjustment
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