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ABSTRACT method idifficult to analyze theoretically.Ther

estimator discussed in thiaper,while easily adj

This paper empirically compares threeestimation the population under countutomatically p
nethods—regression, calibration, apdncipal person— household weight that ot based oranyparticu
Ised in a household survey for post-stratificatidhost- its members. Lemaitre an®ufour (1987)
tratification is important inmany household surveys to Statistics Canada’s use of the regression estima
djust for nonresponse and the population undercthatt regard.
esults from frame deficiencies. The correction for There are a growingumber of precedents f
opulation undercoverage usually achieved by adjusting of regression estimators in survdysth in the It
stimated people counts in each post-straturaqaal the literature and in actual survey practiceStatistc
orresponding population control coutypically available has incorporatedhe general regression estimat
rom an external source such as a census. We will compageneralized estimation systf@ES) software th
stimated means fronthe three methods andheir used inmany ofits surveys. Fuller, Loughin a
stimated standar@rrors for anumber of expenditures (1993) discuss an application tthe USDA N
rom the Consumer Expenditure Survey sponsored by tReod Consumption Survey. One of the attra
Jureau of Labor Statistics in an attemptuatlerstanding regression estimation is thatany of the
Iow each estimation method accomplishes #tsp in  techniques in surveys includinghe post-str

)ost-stratification. estimator mentioned abowe special cases of
estimators. It also morféexibly incorporates aux
1. INTRODUCTION than other more common method3ther works

regression estimation and post-stratification

In large household surveys, post-stratification is 8ethlehem and Kellgf1987),Casady and Vallia
neans of reducing measquare errors bydjusting for Deville and Sarnda{1992), Deville, Sarndal, an
lifferential response rates among population subgroups afi®93), and Zieschang (1990).
rame deficiencies thaiften result in undercoverage of the  In this study we compare regression esti
argetpopulation. In general, the populatiorsidodivided the PP estimator currently in use at the Bureau
nto groups (post-strata) at tlestimationstage based on Statistics (BLS). The ordinary least-squares
nformation that affectthe responsevariables. The estimator hasthe disadvantage that it can
stimator is constructed in suchway thatthe estimated nonpositive weights. A number of wagse sg
otal number of individualgalling into each post-stratum is the literature on how to overcontigis problem.
qual to the true population count. Post-stratum the mostflexible is the calibration method intro
opulation counts argypically available from an external Deville and Sarndal (1992yhich can remove gn
ensus fornumbers of personbut not for numbers of weights aswell as control extreme weight
iouseholds. If household estimates are needesingde calibration estimatorproduced by these newtw
veight must be assigned to each houseiwite using the also compared to theriginal regressiomstimat
)lerson counts for post-stratification. RegressioPP estimator.
stimators of totals omeans accomplish this by using In Section 2, the thredlifferent estim
)lerson counts in each householdauxiliary data. presented. Section 3 is an application of these p
-alibration estimation, with a least-squares distana@ the Consumer Expenditure (CE) Surveyt at
unction, is closel related to rgression estimation but same settip as in Zieschan (1990. We cm



2. REGRESSION, CALIBRATION, AND The regression estimatdy, can also be expre

PRINCIPAL PERSON ESTIMATION weighted sum of the samples withi th weight,
-1
First, wegive a briefintroduction to the regression W, = q[1+(x>€n)'[2a’x—‘2x) X—2]
stimator. Asamples of sizen is selected from &nite s O o

opulationu of sizeN. Let theprobability of selection of From (2.4) it is easily seen that the known popula
he i™ unit be z,. Thesamplecould be two-stagand the are exactly reproduced for the auxiliary variables.
Init could be either theprimary sampling unit or the The estimator off in (2.3) does not accou
econdary sampling unit. There is no need here tocorrelation among therrors inmodel (2.1). In
omplicate the notation withexplicit subscriptsfor the populations, units that ageographically nearee
ifferent stages obampling. Let thevariable ofinterest be e.g.,CU's in thesame neighborhoodnay be c
lenoted byy and suppose that itelue atthei™ unit,y , Using afull covariance matrixV may be ro

5 observed for eaches. Assumethe existence ofK  optimal (e.g., seeCasady and Valliant.993
uxiliary variablesx,, x,,..., % whose values at eaghes ~ 1992). Though use of fll covariance matri
re available. Define; = (X;,X%,,...,% ), for eachi eU, lower thevariance off, theelements ofv will ¢
vhere x, denotes thevalue ofthe variable x, at uniti .  the particulary being studied, and estimation
et X =(Xq,..., X, ) denote theK-dimensionalvector of generally a nuisance. Consequently, it is intere

nown population totals of theariablesx,, X, ..., .. The Practical to consider the spie case ofV = diag
egression estimator is then motivated by the workinégads to (2.2). Note thatwhen the desig

nodel & : var,(J;) is estimated, it W be necessary to use
Vi = BiXi+ BoXot A B % T§ (2.1) that properly reflects clustering anathe

or i=1...,N. Here, B,,...,5 are unknownmodel complexities.

)arameters. The ¢ are random errors with The regression estimator hiée disadvantag

v (e.)=0andvar,(g,)=0; for i=1,...,N. The term weights_can_be unr_easonably Ia_rgm,all oreven
E( ) E( =0, _ The calibration estimators @eville and Sarnd
working model” is used t@mphasizethe fact that the jntroduced next, add constraints to restrict the s

nodel islikely to bewrong to some degree. IntRiE, Y, eights. Calibration estimators are formed by mi
night bethe total foodexpenditures by the consumamit  given distance,/”, between soménitial weigh
CU) and thex,'s might be various CU characteristlé®  final weight, subject to constraints. The const
wmbers of people of differemges, or CU incomehat involve the available auxiliary variablethus ine
lave an effect orthe CU’s expenditure on food. Thethem into the estimator. The regression
ariance of expenditures might be dependent on CU size pesented above is apecial case ofthe ¢
hat havingo? proportional to thenumber of persons in estimator inwhich £ is defined to béhe genera

he CU might be reasonable. Then, ae#ir regression squares (GLS) distance
stimator of the population total gf is defined to be F(w,a)=ac¢(w/ a-1)>/2 for i=1,...,n,\
Jr=9n+(X—%7)p (2.2) known, positive weighfe.g.,c, =o;" or G =1) ¢

with unit 7, andw,, the final weight. The tot

vhere §_ denotes ther -estimator (orHorvitz-Thompson ™ _ e _
distance S F(w.a) is minimized subje¢

stimator) of the population total of, i.e., V. = Zigsa Y,
constraintsy_wx, = X. In this form the weig
regression estimator of the population totalyof
(2.4) can be written as,

W =3 g GAX)

vherea, =1/7,. Also, X, =(%,,...,%) is the vector
f 7 -estimators of the population totals of thariables
Gy X yeney X @Nd
-1
A (p > ) _ ;X X{ ax.y fori=1,...,n where
B_(ﬂl””,ﬂK) _[Zes: iz } Zes: Uiz . (2:3) g(u)=1+u
‘ven if model(2.1) fails to some degreef, will still have for ue® andi is a Lagrange nitiplier evalua
easonable design_based properties becm though minimization process. Thecalibration WelghtSE
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hosen in such a way as to refl¢ioe desired restrictions n=5156 CU’s were used. The CE Survey’s pri
n the weights. Choosing>0 ensures that theerghts of analysis ighe consumer unit, an economiafa
re positive, and/ is picked to be appropriategmall to a household. A consumer u(@U) consists ofti
rohibit large weights. The calibration weights must bé the household who share expenditures. Thus,
olved foriteratively; one eaily programmed algorithm is be more than one CU in a household.
iven in Stukel and Boyer (1992). Five differentsets ofauxiliary variables wer

In most household surveys, post-stratification serveBheywere chosen by testing the adequacy of m
rimarily as anadjustment for undercoverage of tia@get for the selected expenditures with different cambi
iopulation by thdrame andhe sample. Irthe U.S., there the available auxiliary variablesThe 56 post-str
re no reliablepopulation counts of households to use iron age/race/sex currently in use in the CE were
jost-stratification. Consequently, population counts ofhe combinations chuxiliariesused to form ta
)lersons are used for the post-strata control totdlsis weights aregiven in Table 1. The number of
lisagreement in the unit @halysis(the household) and the variables in each model is given wittparenthes
Init of post-stratification (the persomjhen a household on this information, weight&2.5) were compute
haracteristic is of interest led the development of the given in(2.6)—regwts—and (2.7)—calwts. Fo
P method that is used in the CE and Current Populatigggression and restrictechlibration weightsw
urveys. _ equal to the adjusted base weight, i.e.z1/

In the PP method described Alexander(1987), a nonresponse adjustment.
iousehold begins theeightingprocess with a singlbase

veight, &, that is then adjusted for nonresponse. Thegple 1. Weights and their corresponding auxiliar
djusted weight is assigned to each person in the househgifiables. Number of cells are in parantheses.

ind the person weights are then further adjusted to forWeight Auxiliary Variables

hem to sum to known populatiaontrols of persons by regwts0
ge, race, and sex.This last adjustment can result in
)lersons having different weights withinthe same
iousehold. The household is then assigttedweight of
he person designated as tharincipal person” in the
lousehold.  This method has an element of arbitrarinegg;tso

age/race/sex (56)

income before taxes (24)
age/race/sex (45)

regwtsl inter., age/race/sex, region, urbanxregion (18)
regwts2 intercept, age/race/sex, region, urbanxregion,
age of reference person, housing tenure, family

nd is difficult to analyze mathematicallyThe regression calwtsl
nd calibration estimators can be formulated in such a way, ts2
hat population person controls aatisfied,all persons in
thousehold retain the same weight, and no arbitrary choice
mong person weights is needed dssign a household
veight.

calwts3

3. AN APPLICATION calwts4

We compare the three estimators (i.e., regressiopp

inter., age/race/sex, region, urbanxregion (18)
intercept, age/race/sex, region, urbanxregion,
age of reference person, housing tenure, family
income before taxes (24)

intercept, age/race/sex, region, urbanxregion,
family income before taxes (truncated at
$500,000) (19)

intercept, age/race/sex, region, urbanxregion,
age of reference person, housing tenure (23)
age/race/sex (56)

estricted calibration (with L=.5, U=4), and principal
)rerson) by arapplication tothe estimatedneans and their
stimated standarerrors for anumber of expenditures
rom the CE Survey sponsored by the Bureau of Labtir
tatistics.

The CE Survey gathers information d¢me spending
)atterns andliving costs of theAmerican consumers.
"here are two parts to the survey, a quarterly interview aréd
L weekly diary survey. The Interview Survey collects ~
letailed data on the types ofexpenditures which
espondents can be pgcted torecallfor aperiod of three . ar

Counts

For this applicationthe population totals ke
evaluateX = (X,..., X, ) were obtainednostly
990 Censusigures projected to 1992 and ¢h
Population Reportpublished bythe U.S. Bure
Census.

1 Comparisons of Weights and Estimated IC
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eplicate weightsnearly halfthe sets for each of regwtsO, indicate thathe PP weights and regwtsO dot no
egwtsl and regwts2 had some negative weights thoudgh the restrictiors, /2<w < 23.
he maximumnumber of negative weighter any replicate Previous studies at BLS regarding¢ g
vas 3. The negatives are a potential causéfldfted regression estimation ithe CE had conclude
tandard errorssincethe negative weightsilvbe offset by  number of single person CU’s was under estimate
arge positive weights iorder for thefixed population compared to the estimate produced by the PP me
ontrol totals to be met iavery replicate. Calwtsyhich  found minimal evidence of thgphenomenon her
estrict thedeviation fromthe base weights by choosingindicated bythe ratios shown iTable 2. It co
-andU appropriately, (in this instanc&,=0.5 > 0) ratio of the estimatedumber of CU’s undethe ¢
iaturally did not produce any negative weights. procedures to that of the RBtimationprocedur

On examining scatter plots (not shown here) comparirgf CU.
ome of thedifferent weights to each ath the PP and
egwtsO, while being substantially different from eachTable 2. Estimated counts in thousands of QU’s
ither, exhibitedfinal weights that can be considerablysize for PP weights and ratios of other estimated
lifferent fromthe adjusted base weights. Tédjustments the PP weights estimates. Ratios greater than 1.0
an be either up or down. A lessmriable set of than 0.98 are highlighted.

djustments was apparent in regwts1, calwts0O, and calwtsj/eights CU Size
“alwtsl and calwts4 were quitmilar and both were 1 2 3 4 5+
lose to regwts1l. Thewo sets ofwveights that involve the pp 28,784 30,680 15,409 15068 9,993

Juantitative variableamily income beforetaxes, calwts2 yegwtso 0.96 0.99 1.01 0.99 1.02
nd calwts3, wereloselyrelated. Some CU’s had calwts2yegwts1  1.00 1.00 1.02 0.98 0.99
alues larger than 60,000 but had calwts0, calwtsl, calwtgdywts2  1.00 1.01 1.01 1.01 0.97
©30,000. These CUll hadfamily incomes before taxes cgwtso  0.96 0.99 1.00 1.00 1.02
f a quarter of amillion dollars or more. Thus, the cgwts1  1.00 1.00 1.02 0.98 0.99
nclusion of that variable irthe calibrations did have a cgwts2 0.99 1.01 1.01 1.00 0.97
ubstantial impact on some units. We did use a contrghjwts3  0.98 1.02 1.01 1.01 0.96
nly onthe grand totaincome; havingontrols byincome ~gwts4  1.01 1.00 1.01 0.99 0.99
lasses might have changtté weights on some of these

ASEes. A similar tableconstructed by Composition oft C
B _ _ ) that while regwtsO and calwtsO estingat
igure 1. Four sets ofweights plotted against adjusted substantially different from PP fohe category ©

lase weights. Referendmes correspond tol=.5 and 1, children, for single person CUs they were not.
)=2.

3.2 Precision of Estimates from the Differenh

Although comparison of weights is instru
methods mustltimately be judged based on th
estimated CU means and their precisiofhe
errors of these estimators were computedth
of balanced half samplin@BHS) using 44 rep
currently implemented ithe CE for the PP esti
BHS estimator is constructed to reflect tha str
and the clustering that is used in tiGE.
expenditure estimates frothe CE Survey are
for variousdomains ofinterest, we computed t
and the standardrrors for afew chosen domain
For each of these, theoefficient of variation
computed and then its ratio to the cv of tHe P

wiac ralrinilatad




xpenditures, and for each of thalowing domains: Age

ratios tend to bdess than 1,for most dor

f Reference Person, Regidbize ofCU, Composition of expenditures, and calwtsl is somewhat better tha
{ousehold, Household Tenure, and Race of Reference Calwts2 and calwts3yhich usedfamily incor

Yerson.

‘able 3.
weighting methods.
highlighted in each row.

regwts calwts

Theminimum ratio

xpendit
Ire

0 1 2 0 1 2

\lExp. 0.98 0.90 0.79 0.98 0.9C0.78
shelter 0.93 0.85 0.75 0.93 0.8:0.74
Jtilites 1.08 1.03 0.94 1.07 1.0:0.88
urniture 1.08 1.21 352 1.06 1.21 2.58
Naj.ap. 1.08 1.06 1.04 1.06 1.08 1.09
\llvehi. 0.90 0.89 0.98 0.91 0.89 0.98
cars, (n) 095 091 1.01 0.96 091 1.02
cars, (u) 0.98 0.94 0.96 0.97 0.94 0.97
>asol., 1.17 1.11 103 1.12 1.1 0.99
{ealth 1.05 0.97 0.86 1.07 0.970.85
‘ducat. 0.92 0.93 1.04 0.91 0.93 1.06
contrib. 1.01 1.02 128 1.01 1.02 1.30
ders. 1.00 0.97 164 101 0.98 1.24
ns.

ife,Ins. 1.08 1.02 153 1.08 0.98 1.38
ensions 1.00 0.99 1.75 1.01 0.99 1.34

Ratios to CE cv to cv's fahe different

taxes as one of thauxiliaries, hadsomewh
performance for domainssometimes maki
improvementsover PP butoccasionally showin
losses. This iconnected to the nature of t
income variable which had a substantial numbe
with negative andzero values. These CU's
usefulness of this variable in predicting expenditur

Taking all of the above into consideration,
calwtsl and calwts4 can be deemed a clear im
over the PP estimator. CalwtBasthe advantg
negative weights oveegwtsl. Since calwts4e
auxiliary variables asopposed to calwtsl’s
recommend calwtsaver all the othertypes of w
have considered.

4. CONCLUSION AND FUTURE RESEA

The objective of this study was tor i
alternatives to theprincipal person method fo
household weights that didot depend on the
one single metver of the household. Different
weights based on the regressestimationproce
presented and their relative merits evaluatéd.
estimation incorporatesthe current sune
stratification methods inwhich the weighted

n addition, ratios forall CU's, i.e., the total across the PErsons in each post-stratum is forced to be eq
lomains,were computed for each expenditure and thodgdependent censusount of that number.

or regwts 0, 1, 2 and calwts 0O, 1, 2 are shownhahle 3.

accomplished via auxiliary variables thete inc

‘or All Expenditures, regwts2 and calwts2 with ratios of't0 the regression model. It alsotomatically
79 and .78 provide substantial reduction in cv compared {8 €achsample household a weight trages o
P. Forlessaggregated expenditures, regwts1 or calwts@n any singléne of itsmembers. Irorder to el

rovide reasonably consistent improvemerdser PP
vithout the losses incurred by some of titber weights

undesirable negative weights that can result fro
least-squares regression estimation, calibration

or expenditures like Furniture, Personal insurance anffereé adapted to the present problem. The
lensions, and its subcategory Pensions and social securigStimation procedure has the flexibility to re:

A trellis plot (Cleveland1993) of the cv andnean

possible deviation of eadimal weight from its ba

atios for calwtsO and calwts1 by age of reference person‘iélile adhering tahe properties discussed above
jiven in Figure 2. CalwtsO ipictured because it is the Particular allowsthe constraint of positive weig
earest calibration equivalent tihe current method of calibration weightareeasilycomputedvia matrb
ost-stratification. Calwts1 appears to be the best of tfRoftware like S-PIUS..

Iternatives we have examined tine sense oimproving
he All Expenditures estimataeshile providing consistent

Overall, the ordinary regression estimator
calibration estimatoboth appeared to be angm

erformance forindividual expenditure groups. leach ©Vver the Principal Person estimator in term
anel ofthe plot avertical reference line is drawn at 1, theCoefficient of variation. For the future, thec

oint of equality betweerthe calibration results anthose ~ €Stimators can be further refined by usihg pro
ar tha PP mathnd The Inwer tier in the nlnt nracant&€Jression estimation to chootiee aUX"'ary vark
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