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K.R.W. Brewer suggests that when estimating the total of a single item for which there is control
(auxiliary) data, one employ aratio or regression estimator and draw the sample using probabilities
proportional to the control values raised to a power between 1/2 and 1. Brewer's sample selection
scheme can be expanded to multiple targets by drawing overlapping Poisson samples for a number of
items simultaneously using permanent random numbers (PRN's). We can call the result an example
of "Maximal Brewer Selection" (MBS). This paper develops the theory behind MBS and the
calibration estimator renderingit practical. It goeson to describe how this estimation strategy isbeing
used at the National Agricultural Statistics Service.
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1. INTRODUCTION

K.R.W. Brewer’s(1963) articlein the Australian Journal of Statistics isone of the truly remarkable works in the survey
sampling literature. It discusses a model-based approach to survey sampling theory, contrasts that approach with the
conventional randomization paradigm, and showshow the two can be used in tandem. All thisseven years before Royall
(1970) set the survey world buzzing with prediction theory (another name for the model-based approach) and almost
three decades before the publication of Séarnda et al. (1992) made model-assi sted survey sampling (which uses models
and randomization in tandem) the new conventional wisdom.

This paper builds on one small result in Brewer’s impressive opus and some of his work since then. Suppose we are
interested in estimating a population (P) total, T = ) py;, with arandom sample (S) of size n. We suspect that the y,
follow the model

Yi = Bx; + Ke,, (1)

2 jsknown for all i (but k need not be known).

where E(¢; |x;) = E(ei€; |x;, X)) = 0 (i#]), and Var(g; |x;) = o
Equation (1) is a useful model for many establishment surveys. Whether or notitis correct, the following estimator
is nearly randomization unbiased for large n (and randomization consistent under a number of sampling designs),

t=Epx)Lsi/m)Ys(Xi/m),

where T; is the selection probability of uniti. Of course, inorder for t to be practical, the population sum Y . x; must be
known, and theindividual x; must also be known for all unitsin the sample. Inwhat follows, we further require x; to be
known for all unitsin the population. Such an x iscalled a"control" variable for the target variabley.

Brewer showed that when m; < o; the randomization-expected model variance of t was (asymptotically) minimized for
fixed sample size n. Inthissense, m; = no;/ Y 0, — if less than or equal to 1 for all i — isthe optimal selection scheme
given sample size n and estimator t . Godambe (1955) has a similar result for randomization unbiased estimators.

It is sometimes assumed that the o; have the form x%, where 0 < g < 1. If that is the case, then when g = 1, the optimal
selection scheme (i.e., randomization-expected model-variance minimizing) is probability proportional to size,
m,= nx;/ YpX, , and t collapsesinto the Horvitz-Thompson mean-of-ratios estimator (n*Y ¢(y;/m); thisis Godambe's
1955 result). Wheng = 0, the optimal sampling schemeisself-weighting, m;=n/N. For establishment surveys, however,
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g isusually between %2 and 1. Brewer has said (out loud, if not in print) that a sensible value for g in many surveysis
3/4.

Sadly, Brewer's suggestion that the unit selection probabilitiesbe in proportion to some known control value, x;, raised
to the 3/4 power has not been implemented much in practice. One problem isthat many real establishment surveys have
multiple targets of interest with varying relevant control values. Recently, however, several survey organizations have
cometo use calibration estimatorsin place of traditional expansion and ratio estimators. This has allowed the National
Agricultural Statistics Service (NASS) to begin implementing a multivariate version of Brewer's suggestion in its
Crops/Stocks Survey (CS). Internally, NASS calls this procedure "multivariate probability proportional to size"
sampling. A better name would be "Maximal Brewer Selection" (MBS). Thismethod of sample selection has proven
more flexible than the stratification approaches NASS has traditionally used (see Bosecker 1989).

Section 2 fills out the theory of Brewer selection when there is a single target and control. Section 3 describesasimple
extension for multiple targets each with itsown control variable. Briefly, a Brewer selection probability is assigned to
each population unit for every target variable of interest. The largest of these for each unit is then used for the actual
sample selection. Section 4 addresses a several questionsthat NASS needed to resolve before making MBS practical
to use. Poisson PRN sampling allowstheagency to focus on different combinations of target variablesin different survey
periods. Section 5 further describes NASS's experience with this new sampling scheme. Section 6 offers some
comments including one that describes a method for co-ordinating samples to minimize overlap.

2. BREWER SELECTION
2.1. Some Theory

Suppose we have target values, y;, which we believe (roughly) obey the model in equal (1). Wewill cal tc = Y say;,
based on a sample S with n members, a calibration estimator for T if the calibration equation

Y.s@X; = YpXi (2)

is satisfied, and each a = =, [1 + Op(1/vn)], where 7, is (again) the selection probability of unit i, and O, refers to an
asymptotic probability order with respect to the randomization rather than the model (see |saki and Fuller 1982 for a
development of asymptotics in a finite population context). This is a bit of a generalization of the definition of a
calibration estimator in Deville and Sérndal (1992).

One obvious choice for the g is m; (Y pX /Y sl /m]). Thisrenderst. equal totin Section 1. The choice satisfies the
calibration equation, and the a are sufficiently close to the m;* aslong asthe design and population are such that

Lslxi/md = XX/ XpX is Op(1/n).

The model variance of t. as an estimator of T is

El(tce— T = E[(Ysayi— ZPyi)z]
El(Xsaei— Yre)l
Ysa%0” — 2 sa0; + Y po. (3

Since each g ~ 1/m, E[(tc—T)3 = Ygo/n?—2Y s0l/m+ Ypo?

Technically, the relative difference between the left and right hand sides of the above equation is Og(1//n). For our
purposes, this defines when the two sides of an equation are approximately equal.

The randomization expectation (denoted using the subscript "P") of the model variance of t;is

Ed El(tc—T)A} = YpolIm— Ypol. 4



Under mild conditions, this is the same as the model expectation of the randomization means squared error of t.. Isaki
and Fuller called that last quantity the "anticipated variance" of tc, presumably meaning “the anticipation under the
model of the randomization mean squared error or variance” (randomization mse and variance are virtually identical
under the designs Isaki and Fuller had in mind). We will use their term here, but keep in mind an alternative meaning
for "anticipated variance:” the model variance anticipated before sampling.

If we restrict ourselves to a randomization estimator like t, a sensible policy is to choose selection probabilities so that
the right hand side of equation (4) isminimized for agiven sample size n. Sincen =), m;, itisasmple matter to set
up aLangrangian equation, the solution to whichis ; = no/Y. r0,. For this solution to be valid each ©; must be no greater
than 1. We assume that to be the case for the time being.

The anticipated variance of t; is (asymptotically) minimized by setting the unit probabilities of selection equal to
no/Y.p 0y no matter which method it used to draw the sample. |n fact, the same minimum variance is obtained if the
sample size itself isallowed to be random with an expected value equal to n. Poisson sampling isa simple example of
a sampling scheme with arandom sample size.

2.2. The Selection Scheme

Suppose we have a working assumption about the o; in equation (1). In particular, suppose o; is believed to be
proportional to x; for some g between 1/2 and 1. Let us reparameterize the model as

Yi = B + [LpX/Lpxi X %), (5)
where (again) E(e; |x;) = E(€g; | Xi» X)) = 0 (i#]), and (now) Var(e; [x) = o®>. We have chosen this parameterization so

that o isinvariant to changes in scale (units of measurement) of the y;, and x,. Notice that when g =1, o®is the relative
variance of y; under the model. Thus, o?for any g isin some sense a generalized relative variance for y,.

Observe that 67 in equation (4) now equals B [Ypx, /Y p X% %%0% Since under the model T = B Y x,, the relative
anticipated variance of t.is

Ef{ El(tc—T)7} Yex(m = 1)

E(T?) (Lpx)?

Similarly, the asymptotic anticipated coefficient of variance for t; under the model in equation (5) can be defined as

(Xp Xizg(“i_l_ 1)] ve
ACV(ty) = o. (6)

Yex

Observe that ACV (o) decreases, all other things held constant, as any of the m; increases.

The right hand side of equation (6) attains its minimum for a fixed expected sample size, ng = Y, w;, when =; =
nex ¥y ox, 2if all these sel ection probabilities are bounded by 1. Furthermore, at that minimum, ACV (to) < o/{ ng. Near
equality holds when all ngx Y px, 8 << 1.

Equation (6) further tellsusthat if we knew o, we could be assured of meeting meeting an ACV target, say, C. We do
this by setting =, = min{1, n;x%Ypx,% and n; > (o/C)2

We can call n; the “targeted sample size.” The expected sample size, ng = Y 7;, isless than or equal to n;. Equality
holds only when all the nyx%/Y px, 2 are bounded by 1, which we are not requiring. Nevertheless, setting the selection
probabilities at ©, = min{1, nx2/Y px&} assures ACV (ty) < o/1nyunder the model in equation (5) .



In practice ®> must be guessed at or estimated from previous data, say by

where f denotes the previous sample, w; isthe weight for uniti inthat sample, e, = [Yex2/Yex (Y - bx)/(bx;9),
b =Y wy;/Y;wx;, and F isthe previous population. Alternatively,

(Wi ) Yew(y; - bxi)Z/Xig

(waiyi)z

When the model holds, e = ¢; That isone justification of our choices for the g and . Another follows. If the
selection probabilitieswere ;= n*x %Y ox, 2 << 1 for all i, then the relative randomization variance of t. as an estimator
for Yy, under Poisson sampling (which iswhat NASS uses) would be roughly [Y(y; — Bx)¥n]/(Yry)% where
B =Y :v:/YeX. Thiscanbereasonably estimated with the sample actually drawn by [ ¥ w;(y; — bx)%m]/(¥wiy,)* = /n*.
Thus, our choice for defining s?isin some way robust to model failure.

We will call the a sample selection procedure where each m; = min{ 1, n;x;%Y.xx,% and % <g < 1 “Brewer selection.”
This name applies whether or not the choice of n; depends on o in equation (5).

3. MULTIPLE TARGETS
Suppose we have M target variables, and y;, denotes the unit i y—value for the m’th target. Each target hasits own

(maybe unique, maybe not) control variable, and x;,, denotes the unit i x—value for the m’th control.  Furthermore,
suppose each target/control pair is believed to obey the following model:

Yim = Bn(Xim + [Xp Xk /L p Xk 1 Xim €im) (7
where E(€p [Xim) = E(€im€jm [ Xim Xjm) = 0 (i#]), and Var(ein, [X;y) = o, 2forall m.
A set of weights, {a}, can often be constructed for a sample S that satisfiesthe M calibration equations
Ysa@Xim= LpXim M=1,... M,

such that every a = m;)[1 + Og(1//n)], where =, is (again) the selection probability of unit i. Each calibration estimator
tem = Ls&Yim Provides a model unbiased estimator for T, = ¥ pYim under the model in equation (7).

One potential way to construct these weightsis with the formulainspired by linear regression:

a=mt+ (Tpxe— Lsmd X)(Ts G X xd o 'y (8)
where x; = (X3, Xip ..., Xiyy) iS @row vector, and the choice for the ¢ is arbitrary as long as ¥ s ¢, 'x, X, is invertible.
Popular choicesare ¢; = 1/x;; when M = 1 (so t; becomest from Section 1), and ¢; = 1 (when one x;,, is constant across
i). Brewer (1994) suggests c; = (1 — m;)/z;, where z; is some composite measure of size across the M controls. We will

return to this question of setting the ¢; in Section 4.

Given target ACV'’s (denoted C,,) for all M target variables under the model in eguation (7) and known o-values (o)
for each variable, we can be assured of meeting these target ACV’'s when every

m = min{ 1, max{ngh, @, ..., nrohiy 933, (9)



where ny,, = C,, /0, and hiy @ = X0 Y X2
Observe that m; in equation (9) can also be expressed as
7 = max{ Ty, ..., Ty}, (10)

where 7, = nh, 9 is Brewer selection for variable m. Consequently, the selection scheme in equation (10) can be
called “Maximal Brewer Selection (MBS).” This name applies whether or not each target sample size ny,,is set equal
to C, /o,

4. APPLYING MBS
4.1. Poisson PRN Sampling

Brewer selection can be shown to minimize ACV (tc) for afixed ng under the model in equation (5) and conversely to
minimize the expected sample size given atarget ACV. Maximal Brewer selection when M > 1 does not necessarily
minimize the expected overall sample size given M target ACV's. Sigman and M onsour (1995) sketch a method for
determining selection probabilities that are optimal (i.e., expected-sample-size minimizing) in this sense.

Although not optimal, MBS is relatively simple and conveniently flexible when combined with Poisson Permanent-
Random-Number (PRN) sampling (Ohlsson 1995 usestheterm “PRN;” the concept can befound in Brewer et al. 1972).
In such a design, every population unit i is independently assigned a random number p; — a PRN — from the uniform
distribution on the interval [0, 1). Uniti isselected for the sample if and only if p; < m;.

Poisson sampling, whether employing PRN’s or not, hasthe well-known property that the joint selection probability of
two distinct unitsi and k is equal to the product of their individual selection probabilities; that is, ©; = m;m,. Thisgreatly
eases randomization variance estimation. This method of sampling also assures that Y sz;/w; = ) 5z, since the relative
variance of Y ¢z/m; islessthan (Y pz?m)/(Y »z)? whichis O(1/n) under very mild restrictions on the z; and m; (see | saki
and Fuller 1982).

Poisson PRN sampling furthermore allows usto think of a sample drawn with MBS inclusion probabilities asthe union
of M Poisson PRN samples each drawn using the same PRN’s and individual Brewer selection probabilities. Thisis
convenient when we are interested in estimates of different combinations of target variablesin different surveys.

For example, NASS makes estimates for potatoesin Minnesota in June and December, row crops (e.g., soybeans and
corn) in March, June, and December, and small grains (e.g., wheat and barley) in March, June, September, and
December. It wantsto contact the same farms throughout the year, but has little interest in sampling a farm for the
September survey if it has not historically had small grains. Thus, Poisson PRN samples of farms using the same PRN’s
can be drawn for potatoes, row crops, and small grains, each with its own Brewer selection probabilities. The union of
all three is the overall sample in June. Similarly, the union of the row-crops and small-grains samples is the overall
sample in March. Bailey and Kott (1997) discuss NASS’s use of MBS and Poisson PRN sampling in Minnesota in
greater detail.

Two additional points should be made at thistime. Oneisthat NASS actually draws the row-crops sample itself using
MBS with individual row crops (soybeans, corn, etc.) serving asthetarget variables. The other isthat MB S as practiced
by the agency is the result of individual Brewer selections and Poisson PRN sampling. MBS is the cart and the
individual Brewer selections the horse.

The overall MBS sample may not be the most efficient (expected-sample-size minimizing) way to meet multiple ACV
targets. It is, however, the most efficient way of combining individual Brewer-selected samples.



4.2. A Count Control Variable

One potential target variable in an establishment survey is the number of units in P that still exist during the survey
period. An obvious control variable for thistarget is unity, which can be assigned to each unitin P. Such a control is
called a“count variable.”

W hether or notthe number of unitsstill in existenceisreally of direct interest to survey managers, setting one component
of x;, say X;pequal to 1 for all i isasensible policy. For one thing, it assures usthat te,, will be randomization unbiased
when vy, > 0, but x;,, = 0; that is to say, when survey managers are surprised that unit i has a positive quantity of target
variable m.

4.3. Calibration and Variance Estimation

NASS determines its calibration weights by first employing equation (8) with ¢; = 1 — m;. Brewer (1994) calls such a
weighting scheme “cosmetic calibration,” because the estimator can be put in prediction form (tgy = YsYim*
(Y px;— Y sx)b,, whereb,isdefined below equation (11)) when x; contains acount-variable component. He argues that
with cosmetic calibration individual weightsrarely fall below unity. Weights below unity are deemed undesirable by
many.

Under the weighting that results from employing equation (8) with ¢; = 1 — w;, when m; is 1, & is also 1. Cosmetic
calibration weights |ower than unity, although rare, can still occur. NASS uses an iterative processdescribed bel ow that
has, so far, successfully eliminated all weights less than unity. When plugging c; = 1 — m; into equation (8) produces
an g <1, mintheequation is set equal to unity, and the equation run again for all i. This processiscontinued until all
a > 1
The estimator tg, is model unbiased not only under the model in equation (7), but also under the more general model:
Yim = Xi¥m + Ui,

where v, is an unspecified M-vector, and E(u;,|x;) = 0.
In order to be able to estimate the model variance of tq,, we needto add the assumptions E(uiU,/x;, x;) =0, and
E(ui?|x) = 0,2 < . Insharp contrast to the design stage, we are allowing the unit variances to be unspecified as long
as they arefinite.
Following the same reasoning that produced equation (3) leads to

E[(tem — T = Ysa’ou —2Y s a0 + Y p0i- (39
When n is large, we can make use of the near equalities ' sa0,,> = ¥ s0indT; = ¥.p0im’s and conclude

El(tom — T = Zs(aiz_ a)o,’ < Zsaizoimz'
For a Poisson sample, the randomization mean squared error of te, is

Epl (tepm — T = Yebn(m*—1),

where &, = iy — xBy, and By, :_l(ZPCk’fk’Xk__)_lz,PCk)_‘_k' Yim (s.i.nce Ls&Yim— LpYim :-1 Ysaém— _Zpéim :1 Zséim_/_“i +
(Cexc— YsT X (LsCatic X X)L s Gty X € — Ypbim = Ls€m/m + (LpXi— L %) (XsCemi X X)L pCx;' €y —

Yplm=Ys€m/mi— Y ré,. When the ¢ areadl equal, the vector B, is often called the “finite-population” or “census”
regression coefficient.



An estimator for both the model variance and randomization mean squared of tq, is

V(tm) = Ys(a®—a)en (11)
where e, = Yim — Xy, and by, = (X s Cem Xy X,) 1 Y s Gty Xy Vi are the sample analogues of &, and B, respectively.
4.4. The Delete-a-Group Jackknife

The problem with v in equation (11) is that is requires g, to be calculated separately for each target variable. Thatis
one reason why NA SS uses a delete-a-group (DAG) jackknife variance estimator (Kott 1998). The DAG jackknifeis
also convenient when estimating the variances of domain totals and of ratios.

The Poisson sampleisrandomly dividedinto 15 replicate groups, denoted S;, S, ..., S;5 (Some groupscan have one more
member than others). The complement of each S, iscalled the jackknife replicategroup Sy, = S—S;. NASS then creates
15 sets of replicate weights. For the rth set: g,y = 0 wheni €S;; and

an= & + (XpXk— Xsr X (s CudeXi Xk)-lciaixi,

otherwise. This choice assures g, ~ g fori € S;) when 15 is deemed large. Moreover, these two equalitieswill prove
helpful. Under the model, because the €, are uncorrelated across units,

Ys@n€im — Ls@€m = — s &€m+ (LpXk— Lsp @Xid (Xswm Ckakxkyxk)_lzs(r) CaX{ €im = — Y5 &E€im

Even without the model,

Ys@r8im— Ls@€m = — e @€m+ (LpX — Lsm X (X s CrdiXi i) Zs«)caﬁ‘ elm
— Y almt (LeXk — Lsm aXid (X sr CrliXi Xi)” Zs«)cn 1X| €im
— Y s a€m+ (LpXk— s aXid) (L s CidieXi Xi)” ZSCTE X; Em
— Yo a€nt (LpXk— Lsm axid (Xsn G Xi)” Y pCx{

- ZSr aiéim

u o

I

when 15 is deemed large.

The DAG variance estimator for te, is:

V(tem) = (14/15) le(zsai(r)yim_ tqm))zx (12)
which WESV AR (Westat 1997) calls JK1.

It is easy to see that under the model in equation (7) and the error structure assumed above, the model expectation of
V(teem) When 15 (as well as n) is assumed to be large is approximately Y sa’o;,; (Since Y& qyim— tem = Ls@wYim—
Ys@Yim= Ls8@€im— Ls&€im ~ —Ls &€im)-

We sketch below a proof that the randomization expectation of v (t¢y) is approximately Y&t when Y o8, ~ 0.
Thislast near equality obtains exactly when ¢; = 1/(yx;") for some row vector y (sincethen) &, =Ypvx/Cé,=
vY rCx;€,=0). Inpractice, NASS does not deliberately choose a ¢; with this property, however. This can cause the
DAG jackknife to be randomization-biased. NASS sets ¢; = 1 — &; and includes within x; (for calibration purposes) a
component X;, = 1. Thus, when all the &; are small, ¢; = 1 1/(yx ) fory=(1,0, ..., 0). When some =, are large, the
randomization mean squared error is smaller than ¥ &, | ! so whatever small blasm vJ(tC(m)) is caused by ¥ -&, not
being near zeroislikely to be overwhelmed by Y ,&,n;* being larger than ¥ &, 2(w " — 1).

Letn, bethesizeof S,. When15islarge, n/n, = 15 and 14/15 = 1. Thereplicategroup S, can beviewed asa random



subsample of S,and g, = (n/n,)Y &/ isanearly randomization-unbiased estimator of )’ s&;,/m;, which isapproximately
0when ¥ ;&,,=0. Therandomization variance of g, with respect to the subsampling is approximately (n/n,)Y s&mn/m;
foreachr. Now Y saVim—tem = Ls@infim— Ls@€m = —LsE&m/m = —0,/15. We can conclude that the randomization
expectation of Vv (tey,) in equation (12) with respect to the subsampling when Y s &, = 0 is approximately Y <& .

5. MORE ON THE NASS EXPERIENCE

NASS prepares different samples in the various US states. NASS integrated its crops, stocks, and livestock surveys
in the mid 1980s. Stratified simple random samples were drawn using a priority stratification scheme. For example,
Stratum 1 might be large hog farms, Stratum 2 large crop farms that are not large hog farms, and so on, depending on
the priorities of the target variables. Simple expansion estimates were generated from the sample data. Livestock
variables were removed from the integrated Crops/Stocks (CS) Survey in the mid 1990s.

Inthe 1997/98 growing year, NASS drew a MBS Poisson PRN sample for the CSin one state, M innesota. This proved
very successful (Bailey and Kott 1997) . In 1998/99, thisselection method was used in four states. By 1999/2000, 14
states had MBS Poisson PRN samples. Plans are to use MBS exclusively in the following year.

Rather than explicitly adding x;, to the other x;.,in selection equation (9), NASS has set a minimum value for w; at roughly
0.01. For themost part, the same control variableshave been used inthe selection equation and the calibration (equation
(8)), although a count (intercept) variable has been added to every calibration. Figure 1 provides a chart of how many
control variables were used in each of the 14 1999/2000 CS states.

NASS hassetginequation (9) equal to 0.75. Brewer (1999) seemsto show aslight preferencefor g=.6. Table 1 reports
estimated s-valuesin one state (PA) based on June 1999 survey data and various values for g. Crop and stock target
variablesfor asingle commodity (e.g., corn) use the same control value. One thing to noticeisthe s seemsto increase
asthefraction of the sample with positive x-values (called “the commodity population”) and positivey-values decreases.
The second isthat NASS's choice of g = .75 everywhere needs to be explored more thoroughly. In principle, the best
choice for g minimizes s asymptotically.

Nonresponse has been handled using the pre-existing imputation scheme, which relies on the old priority stratification.
DAG jackknife variances are estimated treating non-response as a second phase of sampling and pretending that
respondentswerereweighted using the priority strata asthereweighting groups. 1f themodels supporting theimputation
scheme are correct, thiswill (if anything) bias mean squared error estimates upward.

6. COMMENTS

The change in the Crops/Stocks Survey from an estimation strategy featuring stratified simple random sampling and a
simple expansion estimator to Poisson PRN sampling with maximal Brewer selection probabilities and a (cosmetic)
calibration estimator hasproven very successful atNASS. The Agency iscurrently exploring the use of the new strategy
in other surveys aswell. In the interest of honest disclosure, NASS actually uses collocated sampling (Brewer et al.,
1972) sampling rather than Poisson sampling. This modestly reducesthe sample-sizevariability. Mean squared errors
are estimated as if Poisson samples were drawn.

Kott and Fetter (1999) show how Poisson PRN sampling can easily to adapted to limit the number of timesasingle unit
is selected across co-ordinated surveys. Let ;@ be the unit i selection probability for survey q (=1, 2, ... Q). Uniti
isin the sample for survey g when itsPRN, p,, isin theinterval [t;4., T;), Wheret,o=0, and 7= 1+ ... + n 0.
For this sequential interval Poisson (SIP) sampling methodology described above to work, t; , cannot exceed unity.
Fortunately, it isasimple matter to generalize SIP sampling a bit. We can redefine t,;as m® + ... + 10— 1, wherel,
isthe largest integer lessthan ¥ + ... + m®. When 7, ;> 7, theinterval [t, 4, 7, ) issimilarly redefined asthe union
of [tiq.1, 1) and [0, 7; ).

The larger |, the greater the number of survey samplesin which uniti can find itself (that number will either be I or



lg+ 1) . Thisisanother reason NA SS needs to explore the value at which g in equation (9) is set. The smaller the
value, theless likely a particular unit with large control values with be selected for a sample.

It may also be that the best choice for g varies by target variable. Worse, Var(e;,) = X;,° may not even be the appropriate
specification. Oddly, this widely used specification began asan approximation of ax,, + bx;,? (see Cochran, 1963, p.
256), which has prompted the belief that 2 must be the lower bound of g in practice. Inthe NASS application, the
quality of control information is better for larger values. Consequently, it is possible that the best g for some target
variablesis, in fact, less than %.



REFERENCES

Bailey, J. T. and P.S. Kott (1997), “An Application of Multiple List Frame Sampling for M ulti-purpose Surveys,
Proceedings of the Section on Survey Research Methods, American Statistical Association, pp. 496-500.

Bosecker, R. (1989), Integrated Agricultural Surveys, NASS Research Report Number SSB-89-05, Washington, DC:
National Agricultural Statistics Service.

Brewer, K.R.W. (1963), “Ratio Estimation and Finite Populations: Some Results Deductible from the Assumption of
an Underlying Stochastic Process,” Australian Journal of Statistics, 5, pp. 93-105.

Brewer, K.R.W. (1994), “Survey Sampling Inference: Some Past Perspectives and Present Prospects,” Pakistan
Journal of Statistics, 10(1)A, pp. 213-233.

Brewer, K.R.W.(1999), “CosmeticCalibrationwith Unequal Probability Sampling,” Survey Methodology, forthcoming.

Brewer, K.R.W ., Early, L.J., and Joyce, S.F. (1972), “ Selecting Several Samplesfrom a Single Population,” Australian
Journal of Statistics, 14, pp. 231-239.

Cochran, W.G. (1963), Sampling Techniques, 2™ Edition, New Y ork: Wiley.

Deville, J-C. and Sarndal, C-E. (1992), “Calibration Estimatorsin Survey Sampling, Journal of the American Statistical
Association, 87, pp. 376-382.

Godambe, V.P. (1955), “A Unified Theory of Sampling from Finite Populations,” Journal of the Royal Statistical
Society, B17, pp. 269-278.

Isaki, and Fuller, W.A. (1982), “Survey Design Under the Regression Superpopulation Model,” Journal of the
American Statistical Association, 77, 89-96.

Kott, P. S. (1998). Using the Delete-A-Group Jackknife Variance Estimator in NASS Surveys, RD Research Report No.
RD-98-01, Washington, DC: National Agricultural Statistics Service.

Kott, P.S. and Fetter, M.J. (1999), “Using Multi-phase Sampling to Limit Respondent Burden Across Agriculture
Surveys,” Proceedings of the Survey Methods Section, Statistical Society of Canada, forthcoming.

Ohlsson, E. (1995), “Coordination of Samples Using Permanent Random Numbers,” in Cox, B.G., Binder, D.A.,
Chinnappa, N., Christianson A, Colledge, M.J., and Kott, P.S. (eds) Business Survey Methods, New Y ork:
Wiley, pp. 153-169.

Royall, R. M. (1970), “ On Finite Population Sampling Under Certain Linear Regression M odels,” Biometrika 57, pp.
377-387.

Séarndal, C-E, Swensson, B., and Wretman, J. (1992), Model Assisted Survey Sampling, New Y ork: Springer.

Sigman, R.S. and Monsour, N. J. (1995), “ Selecting Samples from List Frames of Businesses,” in Cox, B.G., Binder,
D.A., Chinnappa, N., Christianson A, Colledge, M.J., and Kott, P.S. (eds) Business Survey Methods, New
York: Wiley, pp. 133-152.

Westat, Inc. (1997), 4 User's Guide to WesVarPC®, Version 2.1, Rockville, MD: Westat.

10



w
o

28

N
(&)

N
o
|

Number
—
()]
\

10 -

CO GA IL KY MN MS MO NE NY NC ND OH OKWA
State

Figure 1: Number of Control Variablesin Each State
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Table 1: Target Variable Calculationsin PA With Different Valuesfor g

Survey: Survey: Survey:

Commodity | Response Positive % with | s with s with | s with s with

Commodity | Population Rate | Reports| Item g=05 g=06 g =075 g=09
AlfafaAcres 18006 84.3% 372 60.7% 1.26 1.26 1.27 131
Wheat Stocks 8079 84.4% 29 6.2% 16.88  14.93 1259  10.82
Barley Acres 5206 84.3% 122 46.0% 1.39 1.40 1.45 1.55
Corn Stocks 21268 824% 314 36.1% 2.64 251 2.43 2.47
Corn Acres 21268 84.3% 559 78.5% 0.75 0.74 0.76 0.81
Oat Stocks 11824 84.4% 114 22.2% 2.81 2.85 2.95 3.13
Oat Acres 11824 84.3% 250 54.8% 1.39 141 147 155
Other Hay 19478 84.3% 446 65.5% 1.30 1.28 127 1.31
Potato Acres 829 84.3% 67  59.4% 0.82 0.82 0.87 0.99
Rye Acres 4210 84.3% 103 = 40.5% 1.95 1.98 2.08 2.24
Soybean Stocks 7030 83.9% 79 18.4% 3.90 3.73 3.56 3.48
Soybean Acres 7030 84.3% 234 67.1% 0.95 0.95 0.96 1.00
Tobacco Acres 979 84.3% 9 33.3% 1.33 1.35 141 1.48
Wheat Acres 3836 84.3% 230 67.9% 0.98 1.03 1.14 1.29
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