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Reweighting and Variance Estimation for the
Characteristics of Business Owners Survey

Phillip S. Kott!

Abstract: This paper explores the use of
post-stratification to compensate for the
unit nonresponse in the 1987 U.S. Charac-
teristics of Business Owners (CBO) Survey.
As is often the case, post-stratification
leads to estimators with desirable proper-
ties under both a quasi-random (response)
and a parametric (superpopulation) model.
Some care is necessary in setting up these
simple models because the CBO is a survey
both of firm characteristics and of the

1. Introduction

The 1987 Characteristics of Business
Owners (CBO) Survey is used to estimate
the proportion of U.S. firms and business
owners with particular characteristics.
Essentially, stratified simple random
samples of roughly 25,000 firms were
drawn independently from five mutually
exclusive panels: a panel of Hispanic-
owned firms, one of Asian-owned firms,
one of women-owned firms, one of black-
owned firms, and one of all other firms.
Rules were established to assign firms
with, say, both black and female owners
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characteristics of firm owners. Variance esti-
mation methods are proposed that measure
parametric model variance and quasi-design
mean squared error simultaneously even
when finite population correction cannot
be ignored.

Key words: Unit nonresponse; quasi-ran-
domization, parametric model; quasi-
design unbiased.

to a single panel. The exact nature of
these rules is beyond the scope of this
paper.

CBO survey data are used to estimate two
different types of proportions. The first is
the proportion of owners with a certain
survey characteristic (e.g., level of edu-
cation). The second is the proportion of
firms with a certain characteristic (e.g.,
number of women employees). The distinc-
tion arises when a sampled firm has more
than one owner. The firm has women
employees, but each owner has his (her)
own level of education.

Although all owners within sampled firms
were sent CBO questionnaires, only about
65% responded to the survey in each
panel. To compensate for the nonresponse,
two different but logically consistent
owner reweighting schemes had .to be
developed — one for owner characteristics
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and one for firm characteristics. These
schemes produce estimators that have
desirable properties under both a quasi-
randomization (response) and a parametric
(superpopulation) model. In the former
model, probabilities of responding to the
survey are modelled, while in the latter,
probabilities of having a particular charac-
teristic are modelled. The paper develops
new, but familiar-looking, variance esti-
mators that simultaneously estimate con-
ditional variance under the parametric
model and design mean squared error
under the quasi-randomization model.
This variance methodology is also
applied to certain domain estimators
where the implied parametric model has
not previously been discussed in the
literature.

2. The Estimators

2.1. The sample design

The general method the Census Bureau
has chosen to handle unit nonresponse in
the 1987 CBO Survey is to post-stratify
sampled owners into response homogeneity
groups (Sdrndal, Swensson, and Wretman
1992, pp. 577-580) and then reweight
them. The response or quasi-randomization
model (Oh and Scheuren 1983) used in
reweighting CBO data holds that the CBO
respondent sample is effectively the pro-
duct of a two-phase design. In the first
phase, firms were selected using stratified
simple random sampling. In the second
phase, a simple random subsample of
respondent owners was selected from
among the owners of the originally
sampled firms within each response homo-
geneity group. The second phase of samp-
ling is, of course, a fiction; hence the prefix
“quasi” on quasi-randomization model.
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Under this model, we can determine a
quasi-sampling weight for each owner by
taking the inverse of the product of his
(her) firm’s first-phase probability of selec-
tion and his (her) own second-phase quasi-
probability of selection.

The original design strata within each
panel of the 1987 CBO survey were deter-
mined by crossing state, industry, and
receipt size classifications. There are
between two and four sampled firms in a
great number of the design strata. The
CBO was deeply stratified in this manner
to assure that the domain estimators for
individual states, industries, and receipt
size classes would be based on reasonably
large samples.

Response homogeneity groups were
much larger than design strata. They were
defined by crossing industry and a combi-
nation of receipt size and legal form
of organization: sole proprietor, partner-
ship, or corporation (limited partner-
ships were out of scope). All owners in
the same firm were allocated to the same
group.

As is often the case in practice, necessity
played a role in the development of the
response homogeneity groups. Potential
groups were collapsed together to assure
that a minimum number of firms had
respondent owners within each group.
Nevertheless, the quasi-randomization
assumption underpinning the treatment of
nonresponse in the CBO is that all owners
from the same response homogeneity
group have the same probability of being
“selected” for the sample.

2.2. Owner characteristics

Let y,; equal 1 if owner i in response homo-
geneity group g has a particular survey
characteristic (e.g., a level of education)
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and zero otherwise. CBO data are used to
estimate population proportions like

G Nog
Z NOg (Z ygi/N0g>
_g=1 i=1

No

Yo

G
= ZNOg Yog/No
g=1

where there are G groups in the population;
Ny is the number of owners in g, and Y is
the proportion of owners in group g with
the survey characteristic.

Suppose we assume that each y,; can
be treated as a random variable with
mean pg,. Kott (1994) called this assump-
tion a parametric model because in conven-
tional design-based sampling theory the y,;
are parameters not random variables. It
has also been called a superpopulation
model. Some modifier on the term
“model” is necessary to distinguish a para-
metric model from a quasi-randomization
model.

Observe that the same G groups serve as
both the response homogeneity groups
under the quasi-randomization model and
the parametric model groups under the para-
metric model. Unlike the quasi-randomiza-
tion model, however, there is a separate
parametric model for every survey vari-
able. Like the quasi-randomization model,
each parametric model is nothing more
than an assumption.

The simple quasi-randomization and
parametric models posited for the CBO
are certainly subject to question. Neverthe-
less, they formally lay out the theory sup-
porting the adjustments actually used in
treating nonresponse. The quality of these
adjustments is directly linked to the reason-
ability of the models. If they fail, the esti-
mators discussed in this paper can be
biased.
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The post-stratified estimator for Y, is
G Tog Tog
ZNOg quiygi ZQgi
g=1 i=1 i=1
o= G
Z Nog
g=1
G Tog

Z Z A0giVgi

_ g=1 i=1 (1)

G rOg

PIPILZ

g=1 i=1

where rp, is the number of respondent
owners in group g (which is assumed to
be positive), aog = 4,i[Nog/ 2 (4qr)], and
qgk is the quasi-sampling weight of owner
gk. That is, gg is equal to the product of
Wi and ng, /1o, Where wy is the original
(CBO) sampling weight for the firm associ-
ated with gk, and ng,/ro, is the ratio of
the number of owners in group g’s original
sample to the number of respondent
owners in that group.

The value ag,; is the adjusted owner weight
for gi. The estimator in equation (1) is
unbiased under the parametric model in
the sense that Ep(yo — Yp) =0, where
E(+) denotes expectation with respect to
the parametric model.

The adjustment factor, Ny, /g, which
when multiplied by g,; yields ao,,;, has an
expectation under the quasi-randomization
model of nearly 1. This is because
ED[:v?g(qgk)] = No,, where Ep(-) denotes
expectation with respect to the quasi-
design. As a result, y, is approximately a
design unbiased estimator for Y, under
the quasi-randomization model for suffi-
ciently large ro,.

Formally, if each min{gm/qg} is
bounded from below and each
max {¢g/qe} is bounded from above,
then each Npg/Yqp =1+ OP(r‘ggl/z),
which is approximately 1 for large rg,.
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Consequently, the quasi-design expectation
of yo/ Y, is approximately unity when all
the ro, are large.

2.3.  Firm characteristics

Let us now turn our attention to firm
characteristics. Let y,; equal 1 if the firm
that owner i is associated with has a certain
survey characteristic and zero otherwise.
We are interested in estimating firm popu-
lation proportions like

Nog

Z Zygz/nng

where ng,; is the number of owners in the
firm associated with gi, and Ny is the total
number of firms in the panel. Although
equation (2) has an uncommon form, it is
identical to the simple average of y,; values
among firms in the panel.

It is easy to see that yp=
£ (4giVgi/Nogi)/ £ (4gi/ng0:) is a nearly
quasi-design unbiased estimator for yz. An
estimator that is both nearly quasi-design
unbiased (for sufficiently large rg) and
unbiased under the parametric model is

(2)

Tog

Z qgty gt/ Ogi
Z U} gi / nOgt

G
VP = Z Np/NP) s———

Yog

Z Z AFgiYgi
Z > arg

where Np, is the number of firms in the
population within group g and ag,; =
(4gi/M0gi) [NEg/ ;ﬁfl (dgk/N0gr)] 18 the adjusted
firm weight for owner gi. Observe that
while the quasi-sampling weight for owner
gi, qg;, is the same for both owner and firm
characteristics, the adjusted owner weight
for gi, apg, may not equal the owner’s
adjusted firm weight, ag,;.

In what follows, all rg, —and thus all o, —
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are assumed to be sufficiently large that each
ari/(4gi/Nog) (and apgi/qe) is approxi-
mately 1. Formally, ag;i/(qi/0g:) =
1+ 0p(ng ) Observe that when this value
is approximately 1, so is rg,/(rpg — 1).

3. Variance Estimation

3.1. A general form

Let dogi = Vg —kNZ:g Yer/Nog- The  quasi-
design mean squared error for y, is
identical to that for & 3* a0gidogi/No
and approximately equal to that of
£ iggqg,dog, /No for large rg. Equation
(8) in Kott (1990) contains an estimator
for the design variance for an estimator of
the form & 'E()gqgidogi/No based on a two-
phase sample (actually the estimator in
Kott is not divided by N,). Nothing is lost
by replacing the g,; in that estimator by
apgi and the dog; by yg — 2" aogkVek/ Nogs
that is to say, it remains an approximately
quasi-design unbiased estimator for the
quasi-design mean squared error of y,.
Formally, its relative design bias is at
most O(max {rggl/ 1) under the quasi-
randomization model.

It is necessary to replace the dp, by
Vgi — XaopgVer/N,, because they are not
known. Replacing g,; by ag,; parallels the
technique used in the weighted residual
variance estimator of Sdrndal, Swensson,
and Wretman (1989) to estimate (para-
metric) model variance simultaneously
with (quasi-) design mean squared error.
We will return to the topic of parametric
model variance in the next subsection.

A similar deriv}ation is possible for yg.
Let  dpy =g — £} (Ve/nogk)/ Nrg- The
quasi-design mean squared error of yg
is identical to that of %rzogaFg,-ng,»/NF

and approximately equal to that of
gz(373(‘Igi/ﬂogi)ngi/NF for lafge rg,.

Nothing is lost by replacing the g,;/no,; in
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that estimator by ag; and the dg; by
Vi — S apgkVek/NEe; that is to say, it
remains an approximately quasi-design
unbiased estimator for the quasi-design
mean squared error of yp.

The quasi-design mean squared error esti-
mates for yo and yr discussed above can be
derived with a single set of notation. To this
end, let a,; denote either agg; or ag,; and N
either Ny or NF as appropriate, and let
€gi = agt[ygz - (agkygk)/zagk]/N be the
wezghted residual for owner i (Sdrndal et
al. 1989). In addition, let S, be the set of
originally sampled firms in design stratum
h,h=1,...,H, and S} be the set of respon-
dent owners in 4. Finally, let f; be the ori-
ginal sampling fraction for stratum A, and
np, be the number of originally sampled
firms in stratum A. Note that f;, equals
1/w,; for an owner gi within a firm in sam-
pling stratum /.

After much manipulation, the quasi-
design mean squared error estimator for
both y, and yr discussed above can be
expressed as

v =A4'"-B'-C'-D' (3)

where

G
A= Z(rOg/[rOg - 1])
g=1

H

x ([nog — 11/n0g) 3>~ wly

h=1j€S,

g=1j€S;
G
—Z E ujzg:| /(th -1)
g=1j€S,
H

C —Zﬁ’z rOg/rOg_l])

h=1

X { Z(l - l/nog)ujzg

JESh
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- Z (1 = rog/nog)emi

mie Sy

DI

Ma

(1/[rog = 1)([n0g — rogl/nog)
g=1

H
xS (1= f)/(ng = 1)
h=1

[0z -2

JE Sk
and e,,;; = e,,; when m = g and zero other-
wise, and u;, is the sum of e,,;, taken over
all respondent owners in sampled firm j (if
that set is empty, u;, is zero).

3.2. A better variance estimator for yo

When claiming that y, is an unbiased esti-
mator of Y, under the parametric model
in Section 2.2, we made no assumptions
about the distributions of the y,; apart
from their having a common mean within
groups. The estimation of the parametric
model variance of y,, however, requires
additional assumptions. Assume, for now,
that the y,; values for owners from different
firms are uncorrelated under the parametric
model. This means that the model expec-
tations of B’ and D’ in equation (3)
are approximately zero. They would be
exactly zero if each e, were equal to
gi[ Vi — E(ygi)]/N, but this equality is
itself only approximate.

The quality of v’ in equation (3) as an
estimator for the parametric model vari-
ance of y, is suspect when the f, are not
negligible (see Sdrndal et al. 1989, p. 535).
This is the case for some design strata in
many business surveys including the 1987
CBO. As a result, the following alternative
variance estimator is proposed

vo=Ao—Bo—Co (4)



where
G H
Ao = Z(ng/[ng - 1)) Z Z Uojg
g=1 h=1j€S,
H
CO —Z(ng/ ng ])Zﬁlzuéjg
g=1 h=1 JESy
G
— (rog/lrog — 1)
g=1

X Z(l/wgi - l/aOgi)eégi'

i=1

Here, rg, is the number of firms represented
by respondent owners in group g, e€pg =
aOgi[ygi - ;gg (angygk)/Eang]/NOa and
Uugj is the sum of ep, taken over all
respondent owners in both sampled firm j
and group g; Bp =B’ in equation (3),
where u;, denotes ug;,. The term D’ in
equation (3) has been dropped because it
is small compared to the others (since all
the ro, are large).

The justification for v, follows. Let us
assume a parametric model for owner
characteristics in which the y,; are uncorre-
lated random variables with mean pg,
and variance vp, = pog(l — pog)- This is a
more restrictive model than that discussed
above since the y,; are now uncorrelated
within firms. The additional assumption is
needed to support a finite population cor-
rection term, in this case, Cop.

Let &, = Voi — Pog» S0 that Vary (&) =
Vo, The model variance of yo as an esti-
mator for Y, can be expressed as

Eml(yo — Y0)*] = No*

G Tog Nog
X ZEM <za0gtygz Zygz)
g=1
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= Ng?
Tog Nog
E (Zao& si Z )
)
— V0

VOg rog
X Z Vog (Z Apgi — 2 Z Apgi + NOg)
rog
= NOZZvOg(Zang N0g> )

Consider the expression

eogi = (a0gi/No) [ygi_zg(angygk)/ Zang]

= (aogi/No) [%‘"Z a0/ Y ang]

for owner i in group g. It is not difficult
to show that EM(e(Z)g,-) ~ a(z)givog/Ng. It is
now a straightforward, if tedious, exercise
to show that vy in equation (4) is a nearly
model unbiased estimator of the right
hand side of (5); that is, when terms like
1+ O(1/rg,) are approximately unity.

Strictly speaking, the expressions of
the forms rog/(rog — 1) and rg/(rgy — 1)
within vy are themselves approximately 1.
They have not been rounded as ad hoc
compensations for the ignorable negative
bias in the eog, and uojg as estimators
for the aog,vog/No and Y,¢; aog,vog/No,
respectively.

The near parametric model unbiasedness
of vy in equation (4) depends on terms like
14+ O(1/rg,) being approximately 1. By
contrast, the approximate quasi-design
unbiasedness of v’ in equation (3) depends
on terms like 1 + O(ng/ )} being approxi-
mately 1, a tighter requirement on the size
of rp,.

It is easy to see that the ratio of vy and
v’ is itself approximately 1 when each
1+ OP(r;gl/ 2) is approximately unity (the
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subscript p as before refers to the quasi-
design probability space). Thus, v, is also
an approximately quasi-design unbiased
estimator of the quasi-design mean squared
error of y,.

It is interesting to note that if all the f}, in
vp were set equal to zero, then v, would be
virtually identical to the post-stratified
estimator computed by SUDAAN (Shah,
Barnwell, Hunt, and Lavange 1991) when
the first-phase sample is selected with
replacement (the only distinction comes
from the ad hoc rg,/(rg, — 1) terms in Ap).

3.3. A better variance estimator for yr

In the parametric model for owner charac-
teristics given above, we assumed that the
Ygi were independent. Obviously, the y,;
will not be independent across owners
when y,; denotes a firm characteristic. In
fact, the y,; will be perfectly correlated
within firms (if we ignore measurement
error). For that reason, the following vari-
ance estimator for yr is proposed

vp=Ap— Bp — Cp (6)
where
Ar = Z ng/[ng - 1])2 Z UFjg
h=1j€S,
Cr= Z rrg/Iree — 11) Z fu Y uf,
g=1 h=1  jES,

G
— (rog/lrog — 1))
g=1

%S (ros/

i=1

2
Wei — 1/ang)eFig

and epy = apy[ g —%" (ApaVer)/ Sape] / Nr.
Here, ug, is the sum of ep, taken over all
respondent owners in both sampled firm j
and group g, and rg,; is the number of
respondent owners in the same firm as gi;
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Br = B’ in equation (3), where now u,
denotes ug,.

The justification for vr follows. Let us
assume that a model for characteristics in
which the y,; are random variables with
mean pp, and variance vg, = pr(1 — pg,)-
By definition, the value of y,; is the same
for all the owners of the same firm. We
add the assumption that the y,; are indepen-
dent across firms.

Let 0, = yyi — PR» SO that Vary(6;) =
vg,. The model variance of yr as an esti-
mator for Yy can be expressed as

G rOg
Eyv((yr— Yp) = ZEM (Zangygi
g=1 i=1

Nog

2
_Z{ygi/nOgi}> /NI%
i=1
G Tog
=ZEM (Zang()gi
Nog 2
_Z{egi/nOgi}) /ng

rog

- Z VUFg ( Z Togi ath

rog
—ZZang-i-NFg)/NI.%

rog
= ZvFg(ZrOgiaI%gi"NFg>/N1~g'
()

It is again a straightforward, and tedious,
exercise to show that vy in equation (6) is a
nearly model unbiased estimator of the right
hand side of (7); that is, when terms of order
1/rg, are ignored. There are also analogous
ad hoc compensations for the ignorable
negative biases of the efg,- and u,%jg.

The approximate quasi-design unbiased-
ness of vg is harder to establish. It relies
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on the fact that each

Tog

Qg = Z(ngi/wgi - l/ang)/

i=1

S (1/wg) (1 = rog /o)
i=1
= 140,05,

where the numerator of Q, comes from Cr
in equation (6) and the denominator from
C' in (3). As a result, the vy has the same
approximate quasi-design bias as v'.

To see that Q, =1+ 0 (ng/ ), rewrite
0, as

Trg

Q, = > (7o) — Foj/ar)/
> (s w)(1

where 7¢;, W;, and ap; have been defined in
the obvious way (for example, w; = wy;,
where gi is any owner in firm j). Let
mg = rog/hog. The quasi-design expec-
tations of 7y, and F(Z)j are f7ig;m, and
(fig; mg)2 + figymg(1 —m,),  respectively,
while 1/ag is approximately fip;/q; =
(1/w;)fig;m,. As a consequence, both the
numerator and denominator of @, have
the same quasi-design expectation. Both
also have relative quasi-design variances of
order O (ng‘/z) Thus, 0, = 1 + 0,(rz, ).

It is again interesting to note that if all the
f, in vp were set equal to zero, then vy would
be virtually identical to the post-stratified
estimator computed by SUDAAN (Shah
et al. 1991) when the first-phase sample is
selected with replacement.

- rOg/nOg)a

4. Domain Estimation

The U.S. Census Bureau is interested in the
proportion of owners (or firms) with a par-
ticular survey characteristic within various
domains. Mathematically, a domain propor-
tion for an owner characteristic has the form
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Nog

Yo ZZJ’@" gi
D d

where d,; = 1 if owner gi is in domain d and
zero otherwise.

The estimator for Yo used by the U.S.
Census Bureau is

Yog

y Z Z aOgtygt gi
Z Z aOgt gi '

The population size of each response homo-
geneity group g within certain domains of
interest, like industries, is either Ny, or
zero. For other domains of interest, like
employment classes, this size can be vari-
able. This estimator in equation (8) does
not require knowledge — unavailable to the
U.S. Census Bureau — about the popula-
tion sizes of the response homogeneity
groups within domain d.

It is easy to see that the numerator and
denominator of yo() are, respectively,
nearly design unbiased estimators for the
numerator and denominator of Yo
under the quasi-randomization model.
For certain domains, like industries, the
denominator of equation (8) will be a con-
stant; for others, like employment classes,
a random variable.

Similarly, if we assume that d,; and
Yei(d) = Vgidgi> TeSpectively, can be treated
as random variables with a constant mean
within groups, then the numerator and
denominator of yp(,) are unbiased esti-
mators for the numerator and denominator
of Yp( under the parametric model.
Strictly speaking, yo) is not exactly an
unbiased estimator for Yo() under the
parametric model, but in the context of
the CBO where all domain estimates of
interest are based on relatively large respon-
dent samples, the potential for bias can be
ignored for all practical purposes.

(®)
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Observe that

rog

Yo Zz{ao@ (Ygia)
- YO gl }/ZZaOgt gi
= ZZaOgiygi/ZZaOgidgh

where

Yei = Voitd) — Yoa)dgi & Veita) — Yo(a)dei.

This suggests that vy in equation (4) can
serve as an estimator for parametric model
variance and quasi-design mean squared
error of yp(q) as an estimator for Yo(q), if
we redefine eq,; as

rog
€0gi = ZE aOg'kd 'k | Qogi

g'=1 k=1

rOg rog
l: (ygz Z angygk Z Gng)
T0g Tog
—Yo(d) (‘lgi - Zaogkdk/z aogkﬂ . (9)
k=1 k=1

It is a trivial matter to extend the
argument made in this section to domain
estimators of firm characteristics. For
example, we can redefine the eg,; using
equation (9) by replacing all the agy with
agg and yo(g) with ypy. The ro, are (as
always) unchanged.

5. Empirical Results

The U.S. Census Bureau was interested in
determining whether there were appreciable
finite population and design stratum effects
(defined below) in the CBO data. If there
were not, a simplified variance estimator
could be used operationally.

To study this matter while containing
costs, eight test variables were created
based on meaningful combinations of
actual CBO survey variables (e.g., the
seven levels of education variables were
combined into a single 0/1 variable). The
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research data set was composed of one ran-
domly selected record per firm, and so the
analysis was restricted to the estimated
components of variance in equation (6).
The term Ap in that equation is an esti-
mator for the parametric variance assum-
ing that the population of interest is
infinite, while C is a measure of the finite
population effect on the variance.

The term By is a measure of the design
stratum effect; i.e, it captures the effect on
variance of any tendency for the ep,;
values of firms within the same design
stratum to be similar. Remember, “group
effects,” have already been removed from
the ep;.

To compare alternative variance esti-
mators, z and w (say), we use the measure
(1/2)log(z/w). This measure is symmetric;
ie., (1/2)1og (z/w) = —(1/2) log (w/z).
Moreover, it directly relates the implied
standard error estimates, z'? and wl/ 2
since (1/2)log(z/w) = log [(z/w)l/z].
Observe that (1/2)log(z/w) is approxi-
mately the percentage difference between
the two implied standard error estimators
(since (1/2)log (z/w) ~ (z'/* — w!/?)/w!/?).

The two groups of numbers in Table 1
demonstrate how small the finite popu-
lation and design stratum effects are on
the variance estimators for the panel. The
lack of an appreciable design stratum
effect carries over to all domain estimators
of interest to the Census Bureau.

There are also no appreciable finite
population effects in most of the domains
investigated. The only exceptions occur in
the three (of ten) largest receipt size classes
and three (of nine) largest employment size
classes for a number of panels. This makes
sense because the sampling fractions were
often noticeably large in these domains
(1/2 or greater). ‘

Table 2 displays the finite population
effects on the three largest receipt size
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Table 1. The relative effects on standard errors of design stratification and finite population
correction
Test The design stratum effect'
variable :

Panel

Asian Black Hispanic Women Other
1 0.0066 0.0019 0.0001 0.0118 0.0060
2 -0.0008 —0.0020 —0.0013 -0.0056 0.0018
3 —0.0070 0.0004 0.0005 -0.0017 0.0031
4 -0.0027 —0.0006 0.0017 —0.0029 0.0006
5 —-0.0075 —-0.0045 -0.0023 0.0012 -0.0049
6 -0.0075 0.0007 0.0013 0.0016 0.0042
7 0.0047 0.0006 0.0012 0.0031 —0.0005
8 0.0057 —0.0003 0.0003 —0.0007 —0.0061
Average —0.0010 —0.0005 0.0002 0.0009 0.0005

The combined design stratum and finite population effect?

Panel
Test
variable Asian Black Hispanic Women Other
1 0.0041 —0.0087 —-0.0078 0.0114 0.0059
2 -0.0032 -0.0114 —0.0080 -0.0059 0.0016
3 -0.0093 —0.0085 —0.0057 -0.0020 0.0029
4 —0.0050 —0.0107 —0.0057 -0.0032 0.0004
5 —0.0096 —0.0133 —0.0085 0.0010 —0.0050
6 —0.0097 -0.0082 —0.0049 0.0012 0.0041
7 0.0020 -0.0111 —0.0078 0.0027 —0.0008
8 0.0036 —0.0091 —0.0059 -0.0010 —0.0063
Average —-0.0034 —-0.0101 —-0.0068 0.0005 0.0003
'(1/2)log {(Ar — Br)/Ar}.

2(1/2) log {(4r — Br — Cr)/Ar}-

classes for four of the panels. The effect
never exceeds 0.005 (in absolute value) for
the sparsely sampled Other panel, which is
not displayed in the table. Notice that for
a particular domain and panel the finite
population effect is fairly stable across
variables.

It is important to realize that the proper-
ties of the 1987 CBO survey revealed in this
section need not be shared by other surveys.
That is to say, it is not universally the case
that stratum effects do not matter and
that finite population corrections rarely
do. Nevertheless, survey statisticians facing
similar questions about their surveys may

want to use some of the methods discussed
here in determining their approach to vari-
ance estimation.

6. Concluding Remarks

The principle contribution of this paper
is in variance estimation for certain post-
stratified estimators. The weighted residual
method of Sdrndal et al. (1989) was the
inspiration. That method can produce an
estimator for parametric model variance
and quasi-design mean squared error simul-
taneously. Its parametric model property,
however, relies on having small sampling
fractions in all design strata.
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Table 2. The relative effects on standard errors of finite population correction in the three

highest receipt classes*

Test Receipt Panel
variable class ) ) )
Asian Black Hispanic Women

1 250K—499K -0.0217 —-0.1016 —-0.0726 —0.0033
1 500K-999K —0.0454 —0.2343 —0.1685 —-0.0072
1 1,000 K+ -0.1125 —0.5464 -0.2817 —0.0153
2 250K-499K —-0.0215 —0.1022 —0.0736 —-0.0032
2 500 K-999K —0.0470 -0.2324 —0.1671 -0.0070
2 1,000 K+ -0.1134 -0.5419 -0.2714 —0.0164
3 250K—499K -0.0213 -0.1017 —0.0717 —0.0030
3 500K-999K -0.0470 —0.2288 —0.1654 —0.0067
3 1,000K+ -0.1156 —0.5410 —0.2776 -0.0167
4 250K—499 K -0.0221 —-0.1023 —-0.0725 —0.0033
4 500K-999K -0.0509 —0.2341 —0.1660 —0.0069
4 1,000K+ —-0.1198 —0.5454 —0.2766 -0.0163
5 250 K-499K —-0.0215 -0.1011 -0.0723 —-0.0034
5 500K-999K —0.0454 —0.2299 —0.1652 —0.0071
5 1,000 K+ -0.1183 —0.5439 —0.2701 -0.0170
6 250K-499 K -0.0210 -0.1017 —-0.0718 -0.0032
6 500K-999K —-0.0475 —0.2334 —0.1653 -0.0069
6 1,000 K+ -0.1107 —0.5488 -0.2742 —-0.0165
7 250K-499K -0.0206 —-0.1029 —0.0728 —-0.0034
7 500K-999K —-0.0471 -0.2322 -0.1647 —0.0067
7 1,000 K+ —-0.1097 —0.5326 -0.2704 -0.0171
8 250K-499K -0.0217 -0.1016 -0.0720 —0.0033
8 500 K-999 K —0.0454 —0.2345 —0.1653 —0.0069
8 1,000 K+ —0.1160 —0.5488 —0.2741 -0.0161
Average 250K—-499 K -0.0214 -0.1019 -0.0724 —0.0033
Average 500K-999K —-0.0470 —0.2325 -0.1659 —0.0069
Average 1,000 K+ -0.1145 —0.5436 —0.2745 -0.0164
*(1/2)log{(4r — Cr)/Ar}-

Adjustments of weighted residual vari- are virtually identical to the post-

ance estimators were proposed to com-
pensate for potentially large sampling
fractions in some design strata. Moreover,
the implicit parametric model for a com-
monly used domain estimator was given
explicit expression.

One interesting observation was made
in the text: In the absence of appreciable
first-phase finite population corrections,
the variance estimators introduced here

stratified variance estimators computed
by SUDAAN, which does not normally
handle two-phase designs.
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