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ABSTRACT

CLEMMER, ANNE FAKLER, Estimating Intracluster Homogeneity In

Multistage Samples. (Under the direction of WILLIAM D. KALSBEEK.)

Multistage cluster samples are often used in social science because
clusters of households are cost effective. However, sampling elements
within the clusters are homogeneous, thus negating independence assump-
tions and increasing the variance compared to simple random sampling.
This research quantifies when each of two formulas is appropriate to
estimate rate of homogeneity (roh). Roh is a measure of how much
sampling elements are alike within clusters. [t is speculated that one
formula performs better when several different domain categories are
present within each sampling cluster (cross-class domains) and the other
better when only one domain category is present per cluster (segregated
domains). As a secondary issue, this research investigates how the
relationship between the domain and analysis variables may determine the
appropriate formula for roh.

To investigate the primary issue, two-stage cluster samples were
selected from the National Medical Care Expenditure Survey (NMCES)
household file; sample values for roh were calculated using each formula
and compared with the population value from the entire file. The secon-
dary issue was explored in two steps. First, the average domain ratio
(ADR) or ratio of average rate of homogeneity across all categories in a
particular domain to roh for the population total was calculated for
each sémp]e. The ADR was calculated using each of the two estimation
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procedures and compared with the true population value. Secondly, the

domain degree of segregation or cross-classness in each sample was .

modeled and the fit evaluated separately for each estimation procedure.
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CHAPTER 1

Statement Of The Problem

1.1 What Is Intracluster Homogeneity And Why Is It Important

Data collection costs must be considered in sample survey design.
When costs are considered, invariably a cluster sample will be chosen
over a simple random sample. Cluster sampling takes advantage of the
fact that units of the population are often found in close geographic
proximity. Sampling clusters rather than elements in the population
reduces data collection costs.

[f costs were the only consideration, the survey would be conducted
in a few immense clusters. However, the important item to consider is
the number of independent observations provided by each cluster. The
number of independent observations per cluster is affected by the
homogeneity of the cluster (Sudman, 1976; Kish, Groves, and Krotki,
1976). Less information is collected in a homogeneous cluster than in a
nonhomogeneous one. The homogeneity of the cluster depends on the
variable of interest in the survey. Sample clusters may be racially
homogeneous but heterogeneous with respect to date of birth. Thus, one
may not refer to cluster homogeneity for a whole design unless it is
possible to combine the measures of cluster homogeneity for all
variables of interest into a single index number expressive of average
cluster homogeneity across all variables (Kish, Groves, and Krotki,

1976).



The importance of intracluster homogeneity has been observed by ‘
several authors. Kish and Frankel (1974) note that clustering induces
large and positive correlations between element values with a resultant
increase in variance. They report increases in variance for both linear
statistics, such as simple means, proportions, and totals, and'nonlinear
statistics, like ratio means, regression coefficients, and correlations.
Holt, Smith, and Winter (1980) and Nathan and Holt (1980) have investi-
gated the effect of intracluster homogeneity on variance of regression
coefficients in complex surveys. Ordinary least squares estimates of
variance were found in both papers to be underestimates. It was specu-
Tated that this situation occurred because the particulars of the design
such as intracluster homogeneity and stratification were not taken into

account. The first authors observed that probability-weighted methods

provided much better results for equal-probability designs with widely
different selection probabilities. The best results were obtained using
maximum likelihood theory where the estimator required that values of a
design variable be known for all units in the population. This finding
again points out the importance of including clustering and stratifica-
tion effects in the estimation procedure. Hansen, Madow, and Tepping
(1983) in their comparison of inference from model-dependent and
probability-sampling surveys stress the relevance of design in sample
surveys. They suggest that intracluster homogeneity is particularly
important and that failure to recognize such effects may lead to
underestimates of variance and understatement of confidence intervals.

Lastly, the importance of including clustering effects in tests of

hypotheses from complex survey data has been researched by Fellegi .
(1980) and Rao and Scott (1981). Both papers show that under a



complex sample design, the usual chi-squared test statistics for good-
ness of fit and independence are asymptotically distributed as the
weighted sum of independent chi-squared variables where the weights are
functions of the design effects. The design effect is a function of
cluster homogeneity as shown in equation 1.5.

The design effect (Kish, 1965) is defined as the variance of the
sample under consideration, usually a cluster design, to the variance of
a simple random sample of the same total size. Generally the design
effect is greater than one implying the cluster sample provided a larger
estimate of variance than the simple random sample. The Targer esti-
mated variance is normally caused by positive correlation among
elements within the clusters. Sometimes the design effect is one or
less than one implying the estimated variance from the cluster sample is
the same as or less than the simple random sample. A design effect of
one or less may imply an intracluster measure of homogeneity of zero or

less,

1.2 Usefulness Of Intracluster Homogeneity

1.2.1 Population Measures For Cluster Homogeneity: Clusters Of
Equal Sizes

Fisher (14th Edition, 1970) defines intraclass correlation as the

extent to which elements from the same group (cluster) deviate from each
other. For a specific population, Fisher considered pairs of brothers
(elements) from the same family (cluster). In general, for a particular
population composed of A clusters, B elements per cluster, and obser-
vation Yij; on element-j from cluster -i, the intraclass correlation

coefficient is defined as:



A _B s 5
. L zj#k (Yij -Y) (Yik -Y)
Rho (1) = AB(B-1) h B (v..-7)>2
( - ) ) Zj 'ij -
AB (1.1)
A B = =
C B Ty My =0 Yy - 9)
A B(B - 1) 02
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where ¥ = ——3L 1 454 021 ) N .
A B A B

It is interesting that this definition existed prior to the analysis of

variance (Kotz and Johnson, 1984) and that Fisher introduced it in his

book preceding the analysis of variance.

In sampling literature, equation 1.1 is defined for the special case .

of equal numbers of elements (B) per cluster (A).

cluster contains no elements. Does one

Yates (1981, page 289) takes care to poi

Suppose a particular
count the cluster as part of A?

nt out that the number of

clusters (A) must be taken to be the number of first-stage units for

which the number of elements (B) is not
important when domains are considered.

computing Roh.

zero. This detail becomes

We adopted this convention for

Domain variables, consisting of domain categories, are subgroups of

the population for which separate estimates are planned in the sample

design (Kish, 1965). Fbr example, suppose the domain variable is region

and the particular category is the Northeastern region of the United

States; an estimate is desired of the proportion of people who are over

-



age 65 in the Northeast. Then A is the number of clusters in the
Northeast containing people who are over age 65. More complicated
examples are provided later,

Harris (1913) provided an important simplification by observing that

Bzh (Vo-7) 2=mo? (1+(8-1)Rho (V) (1.2)
zB Y..
where'Vi =4 1 s the mean for cluster -i.
B

Thus, an easier computing formula for Rho was obtained as

_ 80/2\ - 02
Rho (V) = (1.3)
(B-1)0o
where on = was the between-cluster variance.
A

1.2.2 Sample Estimate For Cluster Homogeneity: Clusters Of Equal
Sizes

We noted earlier that the formula for Rho was defined for the spe-
cial case of equal-sized clusters. Suppose we desire a sample estimate
of Rho and have selected a two-stage sample of a clusters and b elements
per cluster using simple random sampling. Then rho is calculated by
substituting expected sample estimates for population estimates in

equation 1.3 (Kish, 1965, pages 170 to 172) as

2
2 b
-



- =2 b a._b
£y (¥5 - ) . Liy .ot Iy,
where sg = ! with Y = 371 and y = S B N :
(a - 1) b ab
a b =y 2
£; L. (y.. - y:)
2 _ ity Mg i . 2 _.2,b-1 2
Sy = 30 -1) ; and s Sa + 5 Sy

The formula for rho may also be stated in terms of analysis of variance
where a treatments (clusters) are selected and b replicates (elements)
per treatment are observed. The design is balanced since there are an

equal number of observations (b) per treatment. We have

= MSB - MSW
rho(Y) = fB+ [5-1) W

where MSB and MSW are defined in Table 1.1

A comparable table may also be prepared for the population value Rho

(Sukhatme and Sukhatme, 1970).

1.2.3 Population Measures For Cluster Homogeneity: Clusters Of
Unequal Sizes

In the introductory section, the design effect for a sample was
defined (section 1.1). Similarly, the design effect for the population
or Deff is the ratio of the true variance for the cluster sample to the
true variance of an entirely randoﬁ sample of the same size. Kish
(1965) tells us that the design effect, for either the population or

sample, may be applied to samples of equal or unequal clusters, samples
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with more than two stages of selection, with diverse selection methods ‘
at each sampling stage, and with stratification for each stage.

Similarly, a more general measure of homogeneity or_Eate.gf‘ﬂomogeneity

(Roh) was defined by Kish (1965) for the more widely applicable case of
multistage stratified cluster samples. From the Harris simplification

(1.2), we have in termms of average cluster size (B) and Kish's Roh that

the design effect is

5 .2
- i ' B ° b
Deff(7) = VarTance (Y) = 2 =1+ (B -1) Roh (V) (1.4)
Variance (V o) o
or Roh (V) = Deff(Y) - 1 . (1.5)

jwe |
]
—

For unequal clusters, the total variance (o2) and the between-cluster

variance ( o 2) are defined similarly to the equal-cluster case of

equations 1.1 and 1.3 as (Sukhatme and Sukhatme, 1970)

AsBiy,, -9 2

pX
c2 -1 7 ij (1.6)
AB

A B

Y B, - DU S B U

where B=—1—1 and = 11 1)
A AB

op = (1.7)




) ):ﬁ.\ g5 (Vi - Y:) 2
GB = ‘] . (1'8)
A B
2 2 2
Using equation 1.4 and the fact that = pt o ve obtain an easier

computing formula for Roh, similar to equation 1.3 but for unequal

clusters, as

?
a
2 = —
(o)
Roh (V) = A B | (1.9)
2
T.1,

B
We can show algebraically that equation 1.9 reduces to the formula for

computing Roh in Appendix A as follows.

From equations 1.6 to 1.8, we can re-express oi and a? in equation
1.9 as
A 512 A 3\ 2
2 BB -0 a g BB (-1 o
A" A A A-1 A ’

because 32 = A | 3
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and °2=°/§+°[§=A;\182+Bé1w2=v2, .
because .
A _Bj 2 A .Bj - 2
o2 Fif Wiy =¥ g g omgomt (vy- 1)
B AB : AGB - 1)
A _B; 2
T oL (Y., - 1))
—B"lwzwherew2= LI LN LIS
B A(B -1)

Substituting these expressions for clz\ and o 2 into equation 1.9, we have

, = o

o] - »
Roh(Y) = A 8
B -1
2
B
A -1 v2
— 82 _ _
A B
B-1 ’
B

but this expression is the computing formula for Roh from Appendix A.

From equation 1.5, we see that the range of Roh is from - —1i

B-1
when Deff is zero, to positive one (1.0), when Deff is B. When Deff is

one (1.0), then Roh is zero. A high positive value for Roh implies that ‘
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all responses from one cluster will be the same. Thus, one cluster pro-
vides only one independent observation (Sudman, 1976). When Roh is
zero, the responses are arranged at random within the clusters, and one
cluster may provide several independent observations, depending on the
randomization. A large negative Roh implies that responses are arranged
in clusters so that each cluster provides the true population value.
Thus, only one cluster needs to be selected, and it will provide the
maximum number of independent observations.

1.2.4 Sample Estimate For Cluster Homogeneity: Clusters Of
Unequal Sizes

Substituting sample estimates of the design effect (deff) and
average cluster size (b), in equation 1.5, we obtain a sample estimate

for Roh as

roh (5) = Y , (1.10)

This estimator is called the design effect method in this dissertation.
Kish (1965, p. 162) tells us that in clusters of unequal size, the
average cluster size generally yields a good approximation for roh.

In this dissertation, the average sample cluster size was estimated
for a cross-class domain as the number of sample elements in the domain
category divided by the total number of clusters in the sample (a = 20).
For a segregated domain, the average sample cluster size was estimated
as the ratio of the number of sample elements in the domain category to
the number of sample clusters containing nonzero elements for that

domain category. Segregated domains are those in which only one domain
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category is present in a cluster; examples include region and urban or
rural status. Cross-class domains are those where several domain cate-
gories are present within each cluster; for instance, age, sex, social
status, income, and attitudinal variables. This definition for b or the
average sample cluster size was adopted because; in cross-class domains,
we can think of the proportion of the population in the domain as being
constant for each cluster; while for segregated domains, we view the
domain population proportion as that portion of clusters consisting
entirely of domain members while the remaining clusters have no domaiﬁ
members (Kalsbeek, 1984, Chapter 8, page 7). These definitions for
average sample cluster size in cross-class and segregated domains are
also consistent with that provided by Yates (1981, pages 265 to 268) for
the number of sample clusters as the number of first-step units for

which the number of elements is not zero.

1.2.5 Current Uses For Intracluster Homogeneity

A number of methods for measuring or estimating intracluster
homogeneity have been reviewed in this dissertation. The question now
is how is intracluster homogeneity used. Roh is used in survey design
to determine either the precision of estimates, the total sample size,
or the optimum cluster size. An estimate for roh is often obtained
from a previous survey or available from a pretest. Kish, Groves, and
Krotki (1976) observed the ratio of domain to total roh to be relati-
vely stable for many variables in different surveys. They advocate
using roh to impute design effects, standard errors, and other rohs for
additional variables in the same survey and for similar variables in

other surveys. Using roh for imputation and for determination of the
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total sample size are discussed in the first section which follows. The
two subsequent sections report using rohs to determine the optimum
cluster size in multistage samples. The second section details the
optimization formulas, and the third section talks about specific sur-

veys where these formulas have been applied.

1.2.5.1 Impute Rohs, Design Effects, and Standard Errors For Other
Variables

Kish, Groves, and Krotki (1976) have observed that roh is relatively
stable for the same variable classified by different domains within the
same sample and for similar variables from different samples. They
termed this phenomenon portability, a property of an estimator that
"facilitates its use far from its source." (Kish, Groves, and Krotki,
1976, p. 11). Other words similar to portability are generality,
invariance, and robustness. They suggest using roh to impute rohs,
design effects, and standard errors for other variables in the same sur-
vey and.for similar variables in other surveys. Kish, Groves, and
Krotki (1976) propose the indirect method of imputation as illustrated
in Figure 1.1 for a mean estimator. In the diagram, deft is the square
root of the design effect and ste is the square root of the variance.
Values of ste are converted to deft, aﬁd then to roh; roh is then
imputed for the new statistic; from this we transform to deft, and

finally to the desired ste. For example,
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computed ste(x) imputed ste(y)
deft(X) deft(y)
roﬁ(i) > roh(y)

Figure 1.1 Indirect Imputation of Deft and Standard Error Via Roh.

if we desire to estimate the standard error for another similar esti-
mate (y) in the same survey (x is the original estimate), we have the
following three step imputation:

1. Assume roh (y) = roh (X);

2. Compute deft (y) = ‘/1 + roh (;) (

- 1)  where B§ is the

]

estimated average cluster size for the new estimate;

3. Obtain ste(y) = deft (y) Ste(;SRS) where Ste(;SRS) is the
standard error for the new estimate based on a simple random

sample.

More often we know the rate of homogeneity for some total population
estimate, but we actually want to know the rate of homogeneity for a
domain estimate. In this case, Kish et al (1976) have suggested that we
assume roh (y) = A= roh (x) for step 1 and then proceed as before with

Y
steps 2 and 3. They assumed that the ratio of domain to total roh is a
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constant, x;. Here we also assume the domain estimate is ; and the
total estimate is ;. The standard error so imputed might be used to
estimate the required sample size for the domain. For instance, suppose
we want to determine the sample size required (nd) to estimate the crude

death rate among people aged 45 to 49(pd). We know

pd (1 = pd)

variance (Pd) = deff (Pd) ny

pd (1 - pd)

where ﬁa is the average number of 45 to 49 year-olds per selected
cluster. Using the imputed variance (pd) and roh(pd) for the domain 45-
to 49-years of age, the above equation may be solved for nge Kalton
(1983) stresses including the design effect in the sample size estimate
for a complex design. The formula above as well as the imputation pro-

cedure illustrate this principle.

1.2.5.2 Determine Optimum Cluster Sizes For Multistage Samples

A second general use for roh is found in determining the optimum
cluster size for a multistage sample. Suppose a two-stage sample is
planned; then one must determine the number of primary sampling units
(PSU's) or clusters to be selected (a) and the average cluster size (b).

The rate of homogeneity plays an important part in this decision.
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Hansen, Hurwitz, and Madow (1953) discuss the case using the simple cost
function

c = ac1 + ab c2

where C total cost of the survey;

¢, = average cost per PSU;

Cp = average cost per element.

Then the optimum cluster size is

s . |1 1-rony)| %2
opt ) roh(y)

and the number of PSU's (a) is

C
a = .

1 opt €2

+b

Thus, roh determines the optimum cluster size and in turn the number of
PSU's.

Hansen, Hurwitz, and Madow (1953) discuss more complicated cost
functions as well as cost functions for more than two stages of
sampling. A more complicated cost function is often Justified because
between PSU travel costs may be sizeable.

Cost and variance formulas may be considered for more than two
stages of sampling. However, several authors suggest that estimates
which view sampling to have been done in two stages are acceptable even
though the sampling may actually have occurred in more than two stages.

Hansen, Hurwitz, and Madow (1953, pages 257-258) define an ultimate ‘

cluster as the aggregate of units included in the sample from a
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primary unit. They remark that, "The idea of the ultimate cluster
makes it possible to consider two-or more stage sampling theory as a
special case of the sampling of whole clusters." They further note
that "“the ultimate cluster approach yields a consistent estimate of
the variance as long as there are two or more first-stage units in
the sample, no matter how the subsampling is done, provided the sub-
sample is a probability sample (for proof, see Volume II, Chapter 6,

Section 2)."

Kish, Groves, and Krotki (1976) point out, "To compute all the com-
ponents of the design would be difficult for individual statistics.
Moreover, it seems impossible to present and utilize such detail for

many... statistics."

In these approximations, either the first-stage is left intact and
higher stages are collapsed, or the last stage remains intact and
earlier stages are collapsed. Kalsbeek (1983), investigating rates
of fertility in developing countries, used the first approach;
whereas Lorah, Singh, and Tegels (1981) incorporated the second
approach when they computed the optimum cluster size of the Current

Population Survey for the Census Bureau.

Although the approximation may not be totally correct, this dissertation
has followed the ultimate cluster approach (Hansen, Hurwitz, and Madow,

1953) and left the first stage intact and collapsed higher stages. The

specific application for this dissertation is the four-stage National

Medical Care Expenditure Survey (NMCES). The sampling design has been
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documented by Cohen and Kalsbeek (1981). A two-stage probability sample ‘
was selected for this dissertation from this four-stage sample. The
first-stage units or primary sampling units in NMCES were retained as
ultimate clusters of households or second-stage units. The sampling
procedure for both the original NMCES sample and the two-stage sample

for this dissertation are provided in section 2.1.

1.2.5.3 Determination Of Optimum Cluster Size For Several Large
Surveys

[N1lustrating a third general use of roh, the optimum cluster sizes

have been determined for several continuing national surveys (Krewski,
Platek, and Rao, 1981) among them the Current Population Survey, the
National Crime Survey, the Health Interview Survey, and the National

Assessment of Educational Progress. .

Current Population Survey. Design efficiency studies determine the

optimum cluster size subject to minimum variance for a fixed cost.
Previous design efficiency studies for the Current Population Survey
(Lorah, Singh, and Tegels, 1981) have indicated that variance for the
major labor force items would be minimized for a fixed cost by using
sampling units at the final selection stage of size 4 (i.e., a cluster
of adjacent housing units of expected size 4). It appeared that more
reliable estimates for minorities might be obtained by reducing cluster
sizes to 3 or 2. Some reduction in variance was observed when this
reduced cluster size was simulated at the Census Bureau. The simulation
was conducted assuming a two-stage design even though the actual sample
was four-stage. It has been suggested that the cluster size be reduced

in areas of high concentration of minorities. .
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National Crime Survey. The National Crime Survey was originally

.designed using the Current Population Survey as a model (Alexander and
Kobilarcik, 1981; Krewski, Platek, and Rao, 1981). Optimum cluster size
and stratification variables were determined from labor-related
variables of the Current Population Survey. Uniform Crime Reports data
are now available; stratification variables and optimum cluster size
have been compared for variables from the Current Population Survey and
Uniform Crime Reports. Few differences have been observed in either
stratification variables or optimum cluster size. This anomaly might
lend some credence to the idea of the stability of roh.

Health Interview Survey. Optimum cluster size for the Health Interview

Survey in the final selection stage has been previously determined based
on compact segments. A study was undertaken to see if variance of esti-
mators were significantly reduced for noncompact segments (Waksberg,
Hanson, and Jacobs, 1973). It was evident from small losses in variance
that noncompact segments were not justified over compact segments.

Also, small estimates for intraclass correlation (generally less than
0.05 for cluster size of 18) indicate that size of cluster may be
increased while only minimally increasing variance due to clustering.

National Assessment of Educational Progress. The National Assessment of

Educational Progress, a project of the Education Commission of The
States, has conducted design efficiency studies to determine the optimum
cluster size subject to minimum variance for a fixed cost. In these
studies, costs and variance estimates were developed separately for each
of the three stages in the sample design. A report was prepared prior

to a major redesign effort in the eleventh year of the study and
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concluded that the design parameters used in the seventh through tenth ‘
years of the survey could be maintained without appreciably increasing

the variance of estimates (Williams, Budescu, and Chromy, 1981).

1.2.6 Range Of Values For Intracluster Homogeneity

Empirical studies investigating intracluster homogeneity are sum-
marized in the first portion of the subsequent sections. First, values
for intracluster homogeneity from other health studies are reviewed.
Then the fact that socioeconomic variables tend to produce higher rates
of homogeneity than demographic variables is noted by examining roh from
variables of both types. Next, the average to total domain ratio is
examined for fertility measures in developing countries; conflicting

results are noted. Lastly, a plan for empirically modeling the domain

degree of segregation or cross-classness is discussed. This plan may
aid in resolving the conflicting domain ratios noted in developing
countries.

In the second portion, another formula to estimate Roh is first
derived. Then, it is hypothesized that this formula may perform better
than the design effect method or equation 1.10 when roh is large. It is

proposed to test this hypothesis.

1.2.6.1 Empirical Results

A1l else constant, Roh decreases as size of cluster (B) increases.
The rate of decrease for Roh is generally less than the rate of increase

for B. FEmpirical studies (Cochran, 1977) have shown that with the model

Roh(y) = q BY ,

0.1 < q<0.5and - 0.5 ¢t < -0.2.
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In most settings, roh lies between 0.0 and 0.5 ahd in the majority
of cases, roh is less than 0.1 (Kish, 1965). Sudman (1976) observed
that values of roh for health statistics are small, averaging 0.05 or
less. Waksberg, Hanson, and Jacobs (1973) also noted small rates of
homogeneity for health variables; the maximum reported roh was 0.17
associated with an average cluster size of 6. Rates of homogeneity for
crude birth and crude death rates in six developing countries from
Africa and Asia were found to range between -0.001 and 0.013 (Marks,
Seltzer, and Krotki, 1974).

For demographic variables such as age, Kish, Groves, and Krotki
(1976) noted a smaller rate of homogeneity, ranging from 0.001 to 0.005,
than with socioeconomic and attitudinal variables where the range was
from 0.1 to 0.2. They also observed that the rate of homogeneity for
domain variables was larger than for the total population. Kish et al
(1976) calculated the average domain ratio (ADR) defined as the average
value of roh across all categories in a domain divided by the
corresponding population total estimate of roh. The definition of
average domain ratio is attributable to Kalsbeek (1983). As a rule of
thumb, Kish et al suggested that the domain average may be 1.2 times as
large as the total estimate for demographic variables. Kalsbeek (1983)
computed the average domain ratio for demographic variables and found a
range from 2.2 to 3.6. It appeared from Kalsbeek's work that a domain
average to total ratio of 2.5 might be more suitable for demographic
variables. The major difference appeared to be in the computer software
criteria used to suppress calculation of roh for certain small domains.

Calculation of roh for clusters of size 6 or smaller were censored from
the Kish et al data and included in the Kalsbeek data. Many of the
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rates of homogeneity computed for small domains were very large because
a moderately-sized design effect was divided by a very small average
cluster size. The fact that roh was computed for smaller cluster sizes
with the Kalsbeek data might help to explain the larger ADRs observed
by him. The computer algorithm SESUDAAN (Shah, 1981) was used to
calculate roh for Kalsbeek's data; this procedure suppresses roh only
for clusters smaller than 2. SESUDAAN, an acronym for Standard Errors
for SUrvey DAta ANalysis, is a Statistical Analysis System (SAS) proce-
dure. Kish et al rates of homogeneity were produced by the computer
algorithm CLUSTERS (Verma, 1978) which suppresses roh for clusters of
size 6 or smaller. Kalsbeek also noted that other factors may have
contributed to the different ratio such as the fact that (1) the Kish et
al data came from the World Fertility Survey (WFS), whereas the Kalsbeek
data came from the POPulation LABoratory Survey (POPLAB); (2) the ADRs
were defined for totally different reporting variables in the two sur-
veys; and (3) POPLAB used mainly age groups to form domains, and WFS
used both demographic and socioeconomic variables to form domains.,

Verma, Scott, and 0'Muircheartaigh (1980), using WFS data, found roh
for fertility variables, such as nuptiality, fertility, and contracep-
tive knowledge and preference, ranged from 0.004 to 0.170 for several
Central and South American countries. The authors theorized that the
relationship between the domain and analysis variable may have a bearing
on the magnitude of roh. An analysis variable is a reporting variable
in a survey. They attempted to model the proportion of the total sample
contained in a particular domain category as a function of the ratio of

the design effect for the domain category to the design effect for the

total population. The specific model they assumed was
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where Ba and bt

total; Md was the proportion of the total sample contained in the par-

denoted the average cluster size for the domain and

ticular domain; deff(yd) and deff(yt) were the design effects for the
domain and total; and a was an empirically determined parameter
expected to be in the range 0 to 1 with values near 0 corresponding to
segregated domains and those near 1 corresponding to cross-class
domains. Segregated and cross-class domains were defined in section

1.2.4,

1.2.6.2 Derivation Of A New Estimator For Roh

In this section, we develop a new estimator for Rate of Homogeneity
based on the definition of Roh in Hansen, Hurwitz, and Madow (1953).
Since this formulation is based on the definition of Roh, we think it
may do better than the design effect method or equation 1.10 which is
based on the definition of the design effect.

If we assume the number of clusters in the population, A, is large,
the definition for population Roh from a two-stage, unequal cluster (B.)

i
population is (Hansen, Hurwitz, and Madow, Volume I, 1953, p. 163)

2
S, - BSy

U N N

S+B(B-1)S

2
b
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We want to find a reasonable estimator for p*h. Suppose we let

“hij =~ Ynij = "h *hij

Ah +Dhi
CooB N dhij Yn
h = _ap bpj T oo,
Zi zj xhij h
b

- hi .
hi = %5 Yhij

bhi = number of elements in cluster -i of stratum -h;

bhi
= % Yhig oY h
Thi T By by;

h

n
h ™ a

Substituting these sample estimates into equation 1.11, we obtain

expression 1.12,
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2 2
Sha = Ph Sho

- 2 2 . (1.12)
Sha * By (B = 1) spy

We call this new estimation method the proportion variation method
because it is based on the definition of roh, and roh is by definition,
approximately the proportion of the total variation not accounted for
within clusters. As noted earlier, since the proportion variation
method or equation 1.12 is based on the definition for Roh, we think it
will generally perform better than the design effect method or equation
1.10 which is based on the definition of the design effect.

Another form of the proportion variation estimate but specifically

for proportion and assuming approximately equal clusters is .
v v
25 by py(1 - py)
roh (p) =1 - — v (1.13)
abp(l-p)

v
where P; is the sample attribute proportion for cluster -i; bi is the

3 b,

3 is the

number of sample elements in sample cluster -i; b =

average sample cluster size; a is the number of selected clusters; and ;
is the sample estimate of the attribute proportion. This formula is
derived in Appendix D.

When roh is large, we think that equation 1.13 will perform better
than the design effect method. For example, suppose we calculate the

proportion urban. In this situation, roh should be large because PSUs
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will be either all urban or all rural. In urban PSUs, P; will be near
1 making (1 - Pi) zero; the second term in equation 1.13 will then be
zero and roh approximately 1. Conversely, in rural PSUs P; will be
close to 0 but the second term again will be zero making roh about 1.
Using the design effect method, it was found that roh for proportion
urban ranged from 0.2 to 0.4 (Kalsbeek, 1983) which is not particularly
close to one and implying that equation 1.13 may perform better. If
this supposition turns out to be true, it would imply that the
proportion variation method should be used for segregated domains where
roh is large and that the design effect method should possibly be used
for cross-class domains where roh is moderate or small. Cross-class and
segregated domains were defined in section 1.2.4.

1.3 Recapitulation And Specification Of Objectives Of This
Research

In preceding sections, it has been shown that intracluster
homogeneity is both important and useful. Its importance has been noted
by many authors who observed that variances are underestimated in
complex surveys unless stratification and cluster effects are included
in the estimation procedure (Hansen, Madow, and Tepping, 1983; Kish and
Frankel, 1974; Holt, Smith, and Winter, 1980; Nathan and Holt, 1980).
Fellegi (1980) and Rao and Scott (1981) have shown that intracluster
homogeneity is important in specifying the asymptotic distribution of
the chi-squared statistic when tests of hypotheses are performed on
complex survey data. The rate of homogeneity is used either to deter-
mine the total sample size or the optimum cluster size. We have spe-

cified how these tasks are performed and have cited examples where they



30
were utilized in large scale surveys. Considering the usefulness and
importance of intracluster homogeneity, it appears that a simple formula
to estimate roh would be helpful.

The design effect method or equation 1.10 is generally used to esti-
mate intracluster homogeneity. There are cases where the design effect
method does not perform well. When roh is large, theory suggests that
equation 1.12 or the proportion variation method may perform better.
Further support for this hypothesis was gained when roh for proportion
urban was calculated by the design effect method and found to be in the
range 0.2 to 0.4 which is not close to 1, the anticipated value.
Quantifying when the design effect and proportion variation estimation
methods are appropriate to estimate roh is the primary purpose of this
dissertation and is discussed in more detail in section 1.3.1.

Values for the average domain ratio of 1.2 and 2.5 have been
suggested by Kish et al (1976) and Kalsbeek (1983). Verma et al (1980)
have hypothesized that the relationship between the domain and analysis
variables may determine the magnitude of roh. These topics are explored

as secondary purposes which are described in section 1.3.2.

1.3.1 Primary Objective

The purpose of this research is to determine under what circumstan-
ces equations 1.10 (design effect) and 1.12 (proportion variation) are
appropriate to estimate intracluster homogeneity. To do this, we pro-
pose to select 10 independent samples from the study or limited popula-
tion, to calculate roh by the design effect and proportion variation
methods, and to compare each sample estimate with the true Roh calcu-

lated from the limited population. The results of the comparison will
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be examined separately for cross-class and segregated domains. It is
speculated that the design effect method will perform better for cross-
class domains and the proportion variation method better for segregated

domains.

1.3.2 Secondary Objective

As a second issue, the relationship between the analysis variable
and the nature of the domain will be investigated in section 2.4. It is
first proposed to compute the average domain ratio by each estimation
method and compare with the true value from the study population. Then
following the approach of Verma et al (1980), the proportion of the
domain contained in the particular category will be modeled, and the fit

examined separately for each estimation method.

1.3.3 Orientation Of Analysis Toward Veterans

Analyses of use to the Veterans Administration (VA) will be
undertaken in this dissertation. They include:

1.  Using the complete NMCES file to calculate intracluster
homogeneity for certain prespecified domain and analysis
variables.

2. Comparing certain analysis variables between specified domains
using the total NMCES file.

Both analyses have relevance for the Veterans Administration.
Suppose an analysis variable in a particular domain has a high rate of
homogeneity. Then the first analysis would tell us that research con-
cerning this analysis variable and domain category has low generaliza-

bility. A recommendation could be made that such research be conducted
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by combining data from several locations. Conversely, confidence as to
the generalizability of research findings would be gained from an analy-
sis variable having a low rate of homogeneity within a different domain
category.

The second analysis or comparison between domains will complement
other studies of factors influencing use of medical care by veterans.
Specific domain and analysis variables of interest to veterans are enu-

merated in section 2.




2. PLAN OF RESEARCH

To investigate whether the design effect or proportion variation
method was superior for estimating the rate of homogeneity, ten indepen-
dently replicated samples were selected from the NMCES household
file which thus served as the population to which inference would be
made. Independent replication enabled the variance to be calculated for
sample estimates and thus to test hypotheses at known probability
levels. These independently replicated samples were also used to
test hypotheses determining whether the relationship between the analy-
sis variable and nature of the domain affected the appropriate formula
for roh.

The NMCES household file contained data from a large national proba-
bility sample consisting of about 40,320 individuals. A record existed
for each individual, and each record contained about 250 identification
or response variables. It was evident that computer costs and work
load could be kept to a manageable level only by defining a subset of
the total number of individuals and total variables and studying this
subset intensively.

The creation of the random subset of observations from the total
file and the selection of the ten independently replicated samples from
this subset are detailed in section 2.1. The identification of the
subset of domain and analysis variables from the total variable file is
documented next in section 2.2. The methodology for investigating the

primary and secondary purposes is then discussed in sections 2.3 and
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2.4, respectively. Lastly, specific analyses of interest to the

Veterans Administration are described in section 2.5.

2.1 Sample Selection

The primary and secondary purposes of this dissertation were
investigated using the National Medical Care Expenditure Survey (NMCES)
household data. NMCES was sponsored by the National Center for Health
Services Research (NCHSR) with support from the National Center for
Health Statistics (NCHS). Its objectives were to analyze how Americans
use health care services and to determine the patterns and charac-
teristics of health expenditures and health insurance. The NMCES house-
hold sample may be described as a four-stage stratified area probability
design consisting of about 14,000 households, 40,320 individuals, and

142 primary sampling units (PSUs). The NMCES sample has been pre- -

viously described (Cohen and Kalsbeek, 1981). National probability
samples from Research Triangle Institute (RTI) and National Opinion
Research Center (NORC) of the University of Chicago were utilized for
the NMCES household sample. The survey population for NMCES was the
civilian noninstitutionalized population of the 50 states and the
District of Columbia. The referenée period for household data collec-
tion was calendar year 1977. First-stage units (PSUs) were counties or
groups of contiguous counties which were stratified by census region

and division as well as level of urbanization. Secondary sampling units
consisting of enumeration districts (EDs) and/or block groups (BGs) N
were stratified by residential area. Tertiary sampling units were

clearly defined Tand segments within the selected EDs or BGs; and .
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fourth-stage units were housing units in selected segments. All members
of selected households were included in the sample.

In order to conserve computing costs in this dissertation, a proba-
bility sample was chosen from the NMCES file. The subsampled popu-
lation was called the limited population. No inference will be made
beyond this limited population. The Timited population thus serves as
the study population for this dissertation. Inference to veteran users
of medical services will be made using the total NMCES file. From the
lTimited population, ten independent samples of 500 individuals each were
selected to determine the conditions under which either the design
effect or the proportion variation method was appropriate to estimate
roh, and how the relationship between the analysis variable and nature
of the domain might determine the appropriate formula. The selection of
the Timited population and of the ten independent samples are described

in the two sections which follow.

2.1.1 Subsample From Total To Limited Population

A random subset of the total NMCES file was created and called the
limited population. The objectives in formulating the limited popula-
tion were:

1. Limiting the total computer budget associated with this

dissertation;

2. Appealing to the basic equal-cluster definition of intraclass

correlation;

3. Controlling the average cluster size in small domains.

With these objectives in mind, a two-stage subset of the total NMCES

file was determined consisting of all 142 primary sampling units from
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the total population and 50 individuals per PSU. Thus, we can think of
the Timited population as consisting of A = 142 clusters with B = 50
individuals in each cluster.

The Timited population of 7,100 individuals (142 X 50) was approxi-
mately a 1/6 subset of the total population (7,100/40,000). The amount
of computer time required to read the limited population was reduced by
about 1/4 resulting in a considerable savings in computer costs. By
creating the limited population consisting of equal clusters of 50 indi-
viduals, a small domain containing perhaps 5 percent of the population
would still average 2 to 3 individuals per cluster.

The Timited population was determined as follows. First, a count of
the total number of individuals on the NMCES file was obtained by pri-
mary sampling unit number. Seven urban PSUs containing fewer than 100
individuals were identified. Urban PSUs were defined in terms of
Standard Metropolitan Statistical Areas (SMSAs) and included residen-
tial codes 1 through 3. Rural PSUs were defined as non-SMSA areas and
contained residential codes 4 or 5. A summary of residential code defi-
nitions follows:

1, one of the 16 SMSAs containing the largest number of people;

2, an SMSA containing 500,000 people or more and not previously

classified as code 1;

3, an SMSA containing fewer than 500,000 people;

4, non-SMSA area which is less than 60 percent rural;

5, non-SMSA area which is rural (i.e., 60 percent or more rural)

The seven urban PSUs with only a small number of individuals were com-

bined with others in the same region and residential area code so that
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Table 2.1 Comparison of stratum representation in total and
limited population

TOTAL LIMITED
Re-
Urban- No. No. % alloc. No. %
Stratum Region jzation PSU's Indiv. Indiv., PSU's Indiv. Indiv
1 Northeast(NE) Urban 31 7,275 18.0 26 1,300 18.3
2 Northcentral (NC) Urban 26 6,268 15.5 22 1,100 15.5
3 Combined NE
: and NC Rural 16 5,077 12.6 18 900 12.7
4 Southeast (SE) Urban 24 7,670 19.0 27 1,350 19.0
5 West (W) Urban 20 5,533 13.7 19 950 13.4
6 Combined SE
and W Rural 25 8,497 21.2 30 1,500 21.1

142 40,320 100.0| 142 7,100 100.0

the equal cluster sample of 50 individuals per PSU would not overrepre-
sent the urban area in the limited population. Second, six strata were
determined by combining region and urban or rural categories. The
strata are listed in Table 2.1 along with the number of PSUs, number of
individuals, and percentage individuals per stratum. Third, the 142
PSUs were reallocated in proportion to the percent individuals per stra-
tum (6th column of Table 2.1) in the limited population for the dual
purposes of equalizing the average cluster sizes in the total popula-
tion prior to selection and thus, minimizing small or empty domains per
PSU; and of maximizing the similarity between the total and limited
populations. The reallocated PSUs, number of individuals, and percent
individuals for the limited population are specified in the right hand
portion of the Table 2.1. Close agreement between the total and limited
population with respect to stratum representation can be seen by exa-
mining columns 6 and 9 in Table 2.1. Lastly, the limited population was

identified by randomly ordering the households within each of the 142
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PSUs, and then selecting the first 50 individuals from intact households
on the ordered list. If the last household on the 1ist was not the
correct size to yield 50 individuals, then the next acceptable one on
the randomly ordered 1ist was taken.

Frequency distributions for the proportion of respondents in several
domain and analysis categories are compared for the total and limited
populations in Table 2.2. The agreement is very good implying the com-
position of these variables is indeed similar in the NMCES file and the
limited population. Domain variables of age, sex, marital status,
race, and veteran disability status were examined, as well as analysis
variables of perceived health status, limitation of activity, and usual

source of care.

2.1.2 Select Ten Independent Samples From Limited Population

Ten independently replicated samples were selected from the limited
population so that variances of sample estimates could be calculated for
hypothesis testing. In subsequent discussions, these replicated samples
are called simply replicates. Each replicate was selected to be
representative of the limited population, as well as being independent
and approximately self-weighting. The sample size per replicate was
somewhat arbitrarily set at 500 so the total of ten replicates would not
yield an untenable number of observations. Small domains will be
studied in each replicate. The sample design objectives are enumerated
as follows:

1. Each replicate will be selected independently, and the total

number of individuals per replicate will be 500.
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2.  Within each replicate, the frame will be stratified and the
number of sample clusters selected to be representative of the
limited population.

3. In order to study small domains, an equal number of elements
will be selected per cluster; additionally, the secondary
sampling rate within clusters will be large.

4. Each replicate will be self-weighting or very near to self-
weighting.

Mindful of these objectives, it was proposed that each replicate consist
of two stages with 20 clusters (a) selected from the total of 142 (A)
and 25 individuals (b) from each total of 50(B) in the frame. Thus,
each sample consisted of 500 individuals (20 X 25). Furthermore, an
equal number of elements was selected from each cluster (25), and

the sampling rate per cluster was large (fb = b/B = 25/50 = 1/2).

Thus, a very small domain of five percent still contained an average

of approximately one individual per selected cluster. One of these
samples is described in Table 2.3. The six region and level of urbani-
zation strata defined for the limited population were used again, and
the 20 sample PSU's were allocated to the strata in proportion to the
number of clusters in the limited population (column 4 of Table 2.3) to
obtain the sample PSU allocation (column 7). The number of sample PSU's
per stratum was multiplied by 25 individuals per sample PSU to obtain
the number of sample individuals per stratum (column 8). We see that

the percentage individuals in the population and sample were very close
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to each other implying each replicate was represeﬁtati&e of the limited
popu]at{on. The sampling rate is the ratio of sample to pdpu]ation
individuals, and the weight is the inverse of the sampling rate.

While the samples were not Equal Probability SElection Method
(EPSEM) or equal weighting, the effect of the weights on variance com-
putation was measured and found to be minimal. Thus, the design
was appfoximate]y EPSEM as are designs in many surveyé. To measure the
weight effect, one forms the ratio of the design effect from a sample
with vafiab]e weights and complex design to the design effect from a

complex design only (Kish, 1965, p. 427).

Weight Effect =

[z

" where h refers to the 6 strata defined in Table 2.3; Nh is the propor-
tion of samp]e elements contained in stratum -h; and Kh is the weight
associated with the stratum. = If there were no weight effeci, this ratio
would be one (1.00). For the sample, the weight effect is neg]igib]é
(1.0139). |

Selection Of First-Stage Units:

To inSUre an adequate representation of veterans in each replicate,
the set of 142 primary sampling units was ordered by number of
veterans; PSUs were then systematically selected. The procedure was
as follows. First, the total number of veterans was determined for

each PSU. Second, within each stratum, the PSUs were selected with
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equal.probabﬂity by ordering alternately for each stratum from low to .
high and then high to low number of veterans. Then, within each stra-
tum, systématic selection was applied to identify selected clusters
(Kish, 1965, p. 230). Separate independently chosen random numbers wefe
used to identify the systematic sample within each stratum; thus, each
replicate was truly independent. Since the sampling interval for the
systematic sample within the stratum was not always an infeger; the
selection probabilities for each cluster were not strictly equal. To
insure each cluster an equal chance of selection, circular systematic
sampling was used (Kish, 1965, p. 116). By this procedure, a random
number between one and the total number of clusters in %he stratﬁm was

identified; this unit was then selected and the sampling interval

applied continuously; when the last cluster in the stratum was encoun-

tered, the 1i§t skipped back to the first cluster. By this procedure,
clusters containing small, medium, and large numbers of:veteraqs were
selected in proportion to their representation in the pobu]ation. We
were less likely to select PSU's containing too few veteréns.

Selection of Second-State Units: The goal here was to randomly select

households containing a total of 25 individuals in each éSU. This
result was accbmplished by randomly ordering households within each

PSU and individuals within each household. The first 25 individuals in
each selected PSU were then chosen. In some cases, all ﬁembers from the
last household on the ordered list may not have been selected. No

substitutions were made to insure complete households were selected.
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2.2 Selection Of deain And Analysis Variables

Actual rates of homogeneity for the limited population were calcu-
lated for 42 analysis variables and 15 domain variables using equation
1.9. There were approximately 200 analysis variables and 25 domain
variables in total for the limited population. Based on a careful exam-
ination of these ranges of roh, specific domain and ana]ysis variables
were selected for further study in the dissertation. The selection of
these particular variables is discussed in the following sections.

A Statistical Analysis System (SAS) macro or computer software
subroutine was developed to calculate actual intracluster homogeneity in
the Timited population for unequal clusters and for any_domain and
analysis variable. This subroutine and its flowchart are included as
Appendix A. It can be shown that Roh for unequal clusters (equatfon
'1.9) reduces to Rho (equation 1.3) when clusters are equal (see Appendix
B). The subrout1ne was carefully checked to insure it was work1ng pro-
perly by (1) verifying the results from several textbook examp]es and
(2) independently verifying the correct computation of between and
within sum of squares by means of SAS's General Linear Mode1s (GLM) K
procedure. Further specific checks to insure the subroufine was
accurate are enumerated in Appendix C.

The subroutine was then used to calculate intrac1u§tér homogeneity
for the continuous analysis variable of average time in.miqutes to get:
to usual source of care for all domain categories; it wés similarly used
to calculate Roh for the categorical analysis variable of perceivéd
health status for all domain variables. The domain varfab]es included

age, sex, region, size of community, urban or rural status, educat1on,

race, income, occupation, veteran status, and veteran d1sab111ty status.
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Te;ble 2.4. Some summary measures of intracluster homogeneity .
for analysis variables in limited population

No. of analysis

Description variables Range Median Mean

Continuous variables - 23 -0.001 to 0.070 0.012  0.016

Categorical variables 19 -0.001 to 0.179 0.060 0.070
2

For the continuous analysis variable, of average time in minutes to get
to usual sources of care, a total of 50 Rohs were computed (1 total + 49
domain categories). For the categorical variables of percéived health
status, a total of 250 Roh's were computed (50 domain and fotal

categories X 5 analysis categories). Additionally, Roh was computed for

all other analysis variables and domain categories on the file or 101 .
Rohs (40 analysis variables X 2.525 categories/analysis variable). The
analysis variable results for the total study population are summarized

in Table 2.4. Both‘cpntinuous and categorical variables were found to

have small rates of homogeneity (< 0.05); however, larger rates of homo-

geheity (> 0.10) were confined to categorical variables.

2.2.1 Determination Of Analysis Variables

Based on these Eesu]ts and other empirical results from section
1.2.6.1, four ranges for intracluster homogeneity were determined for
analysis variables as: (1) Very Small, approximately 0.001; (2) Small,
from 0.01 to 0.03; (3) Medium, from 0.05 to 0.08; and (4) Large, from

0.15 to 0.20. The analysis variables selected to represent each cate-

gory are described in Table 2.5. Continuous and categorical variables .

are present for both the Tow and high range of Roh. For the two
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. _ Tabie 2.5 Selected analysis variables
Category Roh Description Type

Very small 0.001 Average dollars for all hospital Continuous
admissions

Small 0.021 Perceived health status “good" Categorical

Medium 0.073 Average time in minutes to get Continuous

to usual source of care

Large 0.179  Insured by Health Maintenance

Organization "Yes" Categorical

categorical variables, only one response cateqory was selected; the
response of good was chosen for perceived health status, and the
response of yes was identified for whether insured by a Health

Maintenance Organization {(HMO) or not.

: . 2.2.2 Determination Of Domain Variables

There -were four average domain sample sizes which were of interest
for cross-class variables. They are enumerated in Table 2.6. Because
SESUDAAN computer software (Shah, 1981) did not print standard errors

and design effects for clusters smaller than two, there was interest in

1

Table 2.6 Four interesting average domain sample sizes

Average domain Fraction of
Class size (bd) _ sample Percentage
1 1 1725 4%
2 2 -3 2/25 - 3/25 8 - 12%
3 '5-6 - 5/25 - 6/25 20 - 24%
4 > 10 S 210/25 > 40%
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Table 2.7 Selected domain variables .
Total
Description Cateqories and percentages cat. Type
Race White non-Hispanic (65%), Black 3 Cross-class
non-Hispanic (13%), Hispanic or
other {5%)
Age 0-18 (32%), 19-59 (52%), 4 Cross-class

60-64 (4%), 65-102(12%)

Disabled veteran Disabled male vet (1%), Other male 4 Cross-class
status vet (11%), Other male 20+(18%),
A1l other (70%)

Urbanization Urban, rural Segregated

[
wirg

the first two classes. CLUSTERS software (Verma, 1978) censored
results for clusters of size 6 or smaller. This fact accounted‘for the

interest in class 3. Lastly, results needed to be compared for small .

and large domains; thus, the selection of the last class which is a
large domain. These categories were not inclusive but represénted a
range felt to be appropriate for this research.

A1l domain variables were then.examined to see which included some
or all of these interesting categories. The three cross-class domains
1istgd in Table 2.7 appeared to be good candidates. Age categories were
artifically formed to include the four interesting size categories. The
fourth variable was a segregated domain variable selected because the
rural category produced a relatively large Roh (0.29) for average time

to get to usual source of care.
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2.3 Primary Purpose: To Determine Under What Circumstances The Design
Effect And Proportion Variation Estimation Methods Are Appropriate
To Calculate The Rate Of Homogeneity

2.3.1 Estimation of Roh Using Design Effect Method

Using equation 1,10, Roh was estimated from the design effect
(deff) and average sample cluster sizé (b) for the four'analysis
- variables in each of the 13 domain categories. For each sample, a total
of 52 rates of homogeneity (4 X 13) were thus calculated By the
design effect method. Furthermore, these rohs were calculated in
each of ten repTicatesi the total number of rohs determined by the
design effeﬁt method was 520 (52 X 10).

The design effect and average sample cluster size was determined
using SESUDAAN, a program developed at Research Triangle Institute
(RTI), Research Triangle Park, North Carolina to compute survey
estimates and their standard errors from coﬁp]ex multistage samples
(Shah, 1981)., The program produced, in addition to the estimate and
standard_error, the deff and sample size. The program also counted the
number of PSUs used to calculate the estimate. The average sample
cluster size (b) was then calculated by dividing the samé]e size by th
number of PSUs in the sample. For a cross-class domain, theﬂéve}age
sample cluster size was the ratio of the number of sample elements in
the domain category to the total number of clusters in the sample
(a = 20), For a segregated domain, the average sample cluster size was
the number of sample elements in the domain category divided by the
number of sample c]ﬁsfers containing nonzero elements for that domain
category. A SAS computer program was written to compute.roh using
equation 1.10 and given the design effect and average clgster size, To

calculate the variance of the design, SESUDAAN used a first-order Taylor
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Series'approximation of the squared deviations of estimates from their
expected values. The variance of this linear approximation‘was obtained
using the squared deviations in the ultimate cluster variance estimator
(Shah, 1981). SESUDAAN estimated deff by forming the ratio of the
variance of the estimate in the given design to the variance of the
estimate in a simple random sample of the same size. SESUDAAN used the

following formula for the estimated variance of a ratio-type . estimate

(r).

<H _an -bhi _ 52
Cory T3 g M (- D7)
var(r) = H a be s »
Iy $9h gPhi y

| I, hij

where Zo.. =Y

hij = Thij” "hij
H .an . bni :

o B R Meig Yhig
T H Lap  bpi ’

Iy Bi0 I3 Whis Xy

H an bhj S

CoIy I BT Mg Znyg

and l= H an bri .

In the preceding formulas, it was assumed that the sample was composed
of H strata; that ay primary selections (PSUs) were made from

stratum-h; and that bhi secondary selections were made within PSU-i from
stratum-h. It was further assumed that for stratum-h, PSU-i, and
secondary units-j, “hij’ Yhij’ and Xhij represented the weight,

numerator, and denominator for the unit, respectively.




50

2.3.2 Estimation of Roh Using Proportion Variation Method

As esfimate for roh from a stratified random sample was derived in
Chapter 1 and specified in equation 1.12. This estimator is called the
proportion variation method of estimation. The equation was derived
from the population definition for Roh specified in Hansen, Hurwitz, and
Madow (1953) using two-stage,runéqual clusters. The estimator
can also be shown to be consistent according to the definition provided
in Hansen, Hurwitz, and Madow (1953), and this is done in Appendix F.
We think the proportion variation method or equation 1.12 will be
superior to the design effect method or, equation 1.10 for estimating
targe roh, and it was this hypothesis which would be tééted as the pri-
mary purpose of the dissertation. |

As with the design effect method, 52 point estimates for roh by the
proportioq variation method were obtained for each samﬁ!e by computing
roh for each analysis variabTe in each domain category. ‘A cbmpﬁter
software ﬁacro was written to execute equation 1.12 (proﬁorﬁion
variation method). For the ten samples, a total of 520‘ﬁoint estimates

1

for roh weré obtained.

2.3.3 Comparison Of Methods

Sample rates of homogeneity were calculated by the.design effect and
proportion variation estimation methods for each of the 52 different
categories formed by the foﬁk analysis variables in each of the 13
domain categories. The sample rohs calculated by each estimation method
were determined separately for each of the ten samples., Additionally,

the true rate of homogeneity was calculated from the limitéed population
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for eaéh of the 52 categories. A relative deviation was determined for
each estimation method in each of the 52 categories and ten samples by
comparing the sample roh with the true value and dividing by the true
value. The differences in the absolute values of the relative
deviations for each estimation method were calculated for each of the 52
domain categories aﬁd ten samples. For each domain category, these
differences were averaged across the ten samples. A paired daté t test
was used to examine these average dffferences in absolute relative
deviations for éach of the 52 domain categories. The'festing procedure
is detailed in the remainder of this section.

A relative deviation was ca]tu]ated for each estimatioﬁ methéa in

each of the 52 categories and ten samples as

r.. - P
N ) S
@i
where i = domain category from 1 to 52;

J = estimation method and 1 is design effect, while 2
is proportion variation;
k = replicate from 1 to 10;
r... = sample rate of homogeneity for ith domain category using
jth estimation method from kth sample;

p. = true rate of homogeneity for domain category -1,

A difference in the absolute values of the relative deviations for
each estimation method was calculated for each domain category (i) and

sample (k) as

i = ROy f - [ ROy |
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Absolute values were used to determine which of the two relative
deviations was closer to zero (i.e., the difference of absolute values)
or which of the two methods actually came closer to estimating the true
rate of homogeneity.
An average difference was then calculated for each domain category

across the ten samples as

10
7 2 E Yk
Tos i0 *
[t is shown it Appendix E that these average differences in absolute
values, minus their expected values, and divided by their- standard

errors follow Student's t distribution with 9 degrees of freedom. The

standard error for d;, is defined as

0,2 B0 d 42
k i.k 10

ste (d ) = _
i.. 9(10)

where d; | = | RD;; |- RO,

For a cross-class domain, the deéign effect method was conjectured_
to be superior to the proportion Qariation method (i.e., | RDilkI was
closer to zero than] RDiZk’ and di.k was, thus, negativé.) The true
average difference, or a..., was thus negative.

In a similar manner, the proportion variation method was speculated
to be-superiqrrto the design effect method for segregated domains. That
is, relative deviations from method 2 were conjectured to be small and

Biees the true average difference in absolute values, to be positive.
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Suppose we examined a confidence interval for the average difference .

associated with each of the 52 domain categories (i)

o

jor t tg,_95 ste (di")

where t9 5 was the t distribution critical value associated with 9

ye9
degrees of freedom and a single tail probability of a/2 = .025. If the
confidence interval was mostly positive, then the true average differ-

ence (Ai..) was greater than zero and the propbrtion variation %ethod

was generally better than the design effect method. If the confidence
interval was entirely positive, then the proportion variation method was
significantly preferred at the five percent level. AIternate]y@ if the
confidence interval was mostly negative, then the true average differ-

ence was less than zero and the design effect method was probabi&

superior to the proportion variation method. The design effect_method T .
was significgntly preferred at- the five percent level, if the confidence
interval was‘entirelj negative,

By this procedure, it could be determined whether the deéfgn effect
or proporticon variation method was'superior to estimate roh'for domain
size, domain type, size -of roh for analysis variable, and whether the
analysis variable was continuous or categorical. The confidence inter-
val might not be significant in every case;-however, by examining its
general direction, we gained some feeling for whether the design effect
method was superior {i.e., the confidence interval was generally negati-
ve) or the proportion variation method was preferred (i.e., the con-
fidence interval was usually positive). By examining these confidence

intervals, we gained some insight into when each method was appropriate

to estimate roh for very small, small, medium, and large domain sizes; .
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for segregated and cross-class domain types; for very small, small,
medium, and Targe rohs for analysis variables; and for categorical and
continuous analysis variables.

2.4 Secondary Purpose: To Investigate How The Relationship Between The

Analyeie Variable And The Nature Of The Domain May Determine The
Appropriate Formula

The secondary purpose was investigated in two parts. First, how
the estimate of average domain ratio was affected by estimation method
was explored. Secondly, the relationship between the proportion of the
domain contained in a particular category (B&/BE) and the ratio of roh
for domain to roh for the total population (rohd/roht)-was
investigated.

2.4.1 Evaluate How Average Domain Ratio May Determine Appropriate
Formula For Roh

The average domain ratio_(ADR) as suggested by Kalsheek (1983) was
defined fqr a particular analysis variable and domain variable as the
ratio of the arithmetic average of the rates of homogeneity for the
analysis variable across all domain categories to the analysis variable
roh fpr the total population estimate. For the first analyéfs variable

'of average dollars for all hospital admissions and the firsﬁ domafn

variable of urban or rural, the first population ADR was defined as
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where 51 was the rate of homogeneity for average dollars on all hospital
admissions for urban members of the population; p, Was the rate of homo-
geneity for average dollars on all hospital admissions for rural members
of the population; and Py Was roh for average dollars on all hospital
admissions for all members of the population.

In a similar manner, the true population ADRs were calculated for
the other 15 analysis and domain variables by averaging the trué rates
of homogeneity across dqmain categories and diViding by the true rate of
homogeneity for the total population estimate. There were a total of 16
analysis and domain variables, obtained from the four analysis variables
and four domain variables.

Using sample rates of homogeneity calculated by the désign effect
and proportion variation methods, sample average domain ratios were com-
puted for each of the 16 analysis and domain variables by averaging
sample rohs across domain categories and dividing by sample roh for the
total population estimate. These average domain ratio estimates-were
made separately for each of the ten replicates. A re]atj?é deviation
was calculated for each estihation method in each of the ten replicates

and for each of the 16 analysis and domain variable categories as:
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where 1 = analysis and domain variable categories from
"1 to 16;
J = estimation method where 1 is design effect and 2 is proportion
variation;
k = sample from 1 to 10;
A;., = sample average domain ratio for ana]ysié and domain category
-i, estimation method -j, and sample -k;

A; = true population average domain ratio for ith analysis and

domain variable category.

‘For each of the 16 analysis and domain variable categories (i), a
difference in the absolute values of the relative deviations for each

estimation method was made separately for each replicate (k) as

i = ROy [ = RO ]
An average difference across the ten repl1cates was obta1ned for each

of the 16 ‘analysis and domain var1ab1e categories (1) as

T Eio di . : ‘
Tee 10 )

As described earlier, confidence intervals based on. the the paired
data t test were used to compare average differences in absolute values
of relative deviations by estimation method. If the confidence interval
was generally positive, then the proportion variation method was better
than the design effect method for estimating average domain ratio.

Conversely, if the confidence interval was mostly negative, then the

design effect method was superior to the proportion variation method.

113
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Th.us, whether the design effect or proportion variation method was .
generally superior to estimate the average domain ratio could be
deteémined. Furthermore, this differentiation could be made for

1. Segregated or cross-class domain variable type;

2. Continuous or categorical analysis variable. type;

3. Very small, small, mediﬁm, and large rohs for analysis

variables. - '

We conjectured that the proportion variation method would be superior
for segregated domains and the design effect method preferred for
cross-class domains,

2.4.2 Investigate How.The Proportion Of The Domain Contained In A
Particular Category May Affect The Appropriate Formula

The ultimate goal of this portion of the dissertation was to model .
the proportion of the domain contained in a particular category (B&/b?)
as a function of the ratio of roh for domain to roh for the total popu-
lation estimafe (roh(yd)/roh(yt)). Verma et al (1980) h&ve proposed such
a model. Their model was first reviewed; then the model was verified by
substituting true population va]ues.‘Fina11y, it was deterﬁiﬁed whether
estimation method affected the performance of the Verma et al model by
means of- the confidence interval procedhre described earlier.

Verma et al (1980) noted that the ratio roh(yd)/roh(yt) was composed
of two small numbers; roh(yd) and roh(yt) were the rates of homogeneity
for the estimate, vy, in‘the domain category, d, and in the total popula- .
tfon, t, respectively. 1In the majority of cases roh was less than 0.1
(Kish, 1965). They also nqted that this ratio was often c]osé to one

{1.00). Thus, Verma et al used the ratio (deff (yd) -1)/{deff (yt) -1) .
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to model the proportion of the domain contained in a particular
category; deff (yd) and deff(yt) were the design effects for the esti-
mate, y, in the domain category, d, and in the total population, t.

Their approximation was obtained as follows. From the basic
equation (Kish, 1965)
| deff(y) = 1 + roh(y) (B& -1)
they obtained that
deff(y) - 1 + roh(y) = roh(y) B&.
In the expression above, E&-was the average sample cluster size for the
estimate y. Therefore the ratio of the product of roh’ and the average

sample cluster size for domain and tota1 was

roh(yd)Byd deff(y,) -1+ roh(y4).
r‘oh(yt)Byt deff(y,) -1+ roh(y,) )

Assuming roh (yd) and roh(yt) were both smali and.their ratio was near

one (1.00), then the expression above was nearly

— ) k

by deff(y,) -1
..—d_._ = d = M
=My
Byt deff(yt) -1

Verma et al called this ratio Md’ the proportion in the domain category,

d. More generally, this proportion was expressed as

b o
y deff(y. ) -1 |
—d | _ (Md)“ = d (2.2)
b deff(y,) -1
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where o was empirically determined by least sguares, as explained below, .
and expected to range from zero (0.00) to one (1.00); zero corresponded
to segregated domains and one was associated with cross-class domains.
| Verma et al suggested that separate estimates of a be made for

similar analysis variables iﬁ domains with §imi1ar proportions. The
procedure for estimating a by least squares follows.

First, goodness of fit was found to fmprove considerably whén indivi-
dual points were weighted by their reiative sample siies, Md; thus, ‘

equation 2.2 was multiplied by Md to obtain

deff(y,) -1
() BTy a+ 1

d =M

deff(y,) -1 d

Secondly, the above expression was inverted to fulfill the basic linear '
model requirement of homoschedasticity or equal variance for each inde-

pendent observation of My

deff(yy) -1 |
M =

- {a+ 1)
I geff(y,) -1

d

Lastly, the expression was linearized by taking natural logarithms

deff(yd) -1
- 1In Md = - (a+1) 1In Md
deff(yt) -1
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or Yg = (1 + a)x&
where Yq = -1n (Md Dd); (2.3)
deff(yd) -1
Dd = 3 and

deff(yt) -1

Xqg = =1n (Md) . |
Eqdation 2.3 was now in the fbrm of a Tinear model with the 1ine forced
through the origin (b0 = 0) |

Yy = bx
with b = (1 + «). The Teast squares estimate of b was

b = (zxy)/(2xd).

Simitarly, the least squares estimate of (1 + a) was
2

1+ a) ={z / .
(1 + a) (d X4 ‘yd) (f]xd)

Forcing the line through the origin corresponded to the total sample or

Md = 1. Alpha was then estimated as

I X, ¥
: p d “d
==
L Xy _
d
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The goodness of fit of the model was examined by the coefficient .
of determihation, Rz, which was the ratio of regression sum of squares
to total sum of squares. R2 was determined as follows.

5 Regression sum of squares

Total sum of squares

- Total sum of sgquares - Error sum of squares

Total sum of squares

Error sum of squares

=1 -

Total sum of squares

z(y -y )2

d predicted observed
=1 -

-2

E (yobserved - )

I((1 + a)x, -y )2

d d d
=1 -

—2
I{y, - ¥)
i d

where y was the arithmetic mean across all analysis variables and all
domains considered.

}n keeping with Verma et al's suggestion that separate estimates be
made for similar analysis variables in domains with similar proportions,
the model degree of segregation (or cross-classness), a, was determined

and the coefficient of determination, R2, estimated separately
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for five domain types which are explained below. Estimates for a and

R2 were pooled across the four analysis variables.

The five domain types consisted of

1.
2.
3.
4.
5.

Segregated domains;

Very small cross-class domains where Md is approximately 0.04;
Small cross-class domains where Md is between 0.08 and 0.12;
Medium cross-c]asé domains whére Md ranges from 0.20 to 0.24;

Large cross-class domains where'Md is 0.40 or greater,

For each of the five domain types, the domain categories (d) which

were summed over to estimate a and R2 were

1.
2'

Segregated - Urban and rural;

Very small cross-class - Race of Hispanic or other, age of 60

to 64 years, and disabled male veteran;

Sma11 cross-class - Race of Black non- ~-Hispanic, age of 65 to

102 years, and other male veteran;

Med1um cross-class - Age of 0 to 18 years and other males at
least age 20 who are not veterans;

Large cross-class - Race of white_non-Hispanic,‘age of 19 to'59

years, and females or males whose veteran status was not deter-

mined.

The domain categories were taken from the domain size categorzes and

domain variables defined in Tables 2.6 and 2.7.

The degree of segregation (or cross-classness), a, was modeled,

and the coefficient of deterniination, Rz, estimated separately for fhe
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popu]aiion and for each sample using the design effect and proportion .
. _ Qariation methods to estimate roh and in turn, the design effect (deff).

First, for the limited population, @, and R1.2 were Qetennined for

each of the five domain types.

[=]
"

degree of segregation (or cross-classness) for
for domain type -1 (i = 1,...5); ‘

=
[}

coefficient of detemmination for domain type -i
(i = 1,0-0,5).

2, it was determined whether the Verma et al model

2

By examining Ri

worked. [If it worked, we would expect large Ri , say near 0.75 or 0.80.

2

Secondly, assuming the model worked, %1k and Rilk would be determined

separately for each of the 10 replicates using the rates of homogeneity
calculated from the design effect method.

@i = degree of segregation {or cross-classness) for domain type
-i (i=1, ...,5), design effect estimation method(j = 1), .
. and sample -k (k = 1,...,10});
R11k2 coefficient of determination for domain type -i
(i =1,...,5), design effect estimation method (j = 1),
and sample -k {k = 1,...,10).

We expect R11k2 to be similar to those obtained by Verma et al (i.e.,
0.32 to 0.79). Thirdly, if the model works, a;,, and Ry, ° would be
calculated separately for each of the ten samples using rohs determined

by the proportion variation method.

@igp = degree of segregation (or cross classness) for
domain type -i (i = 1,...,5), proportion variation estimation
method (j = 2), and sample -k{k =.1,...,10);
; R1.2k2 = coefficient of determination for domain type -i

(i =1,...,5), proportion variation estimation method (j = 2),
and sample -k(k = 1,...10).

Comparing differences in degree of segregation and coefficient of deter-

mination for the two estimation methods, we may notice higher'R‘2 for .
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certain domain categories."This might imply the proportion variation
estimation method is superior_to the design effect method under certain
conditions. |

To further investigate this phenomenon for the'degree of segrega-
tion, one-sided t tests on the average differences in absolute values of
relative deviations are suggested. The relative deviation is first
calculated for each of the two estimation methods (j), in each of the

five domain types (i), and for each of the ten samples (k) as

_ ijk i
RDijk - ¥
%
where a; ;= degree of segregation for domain type -i (i = 1,...,5),
estimation method -j (j = 1,2), and sample -k
(k = 1,..-,10);
a; = true degree of segregation for domain type -1 (i = 1,...5).

Secondly, the difference in the absolute values of the relative

deviations are determined for each domain type (i) and replicate (k) as

d =|RD.

11'(.’ = | RD

i.k iZkI ’

- By averaging across the 10 replicates, an average difference was

obtained for each of the five domain types (i) as

10
L d.
7. - _k i.k

Tee 10 '.
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Confi&ence intervals based on the average differences in absolute .
values of the relative deviations will be examined separately for the
five categories. If.the confidence interval for each category was pre-
dominantly negative, then the design effect method was superior to the
proportion variation method for estimating degree of segregation.
Conversely, if the confidence interval was generally positive, then the
proportion variation method was better. In the same manner, tﬁe methods
of estimation will be compared for the computation of the coefficient bf_

. . \ 2 o 2
determination with Rijk and Ri

substituted for % 5k and a; in the pre-

ceding formulas. .
By these methods, a determination was made as to (1) whethgr“the

domain proportion could be modeled as a function of the raffo o% roh for

domain to roh for the total population estimate; and (2) if the model

held, whether the design effect or proportion variation method yielded
the superior model for domain type {segregated and cross-class} and
domain size (very small, small, medium, and large). Assuming the model
fit, the proportion variation method was conjectured to be superior for
segregated domains and the design effect method preferred for

cross-class domains.

2.5 Analyses Of Interest To Veterans

Suggested domain and analysis variables for the two veteran oriented
analyses specified in sectibn 1.3.3 are described in Tables 2.8 and 2.9,
respectively. The total NMCES file was used for these analyses
rather than the limited population. This decision was made because the

Veterans Administration was interested in a specific subpopulation on.
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the NMCES file called veteran users of medical services and defined as
-(1) veterans‘with (2) a physicfan hospital outhatient visft or hospital
admission in 1977. There were found to be 1,110 of these veteran users
on the total file. Thus, in the 1/6 sample limited population there
would be about 185(1/6 X 1,110) veteran users. This number was felt to
be too small for any meaningful analysis when it was further subdivided
by domains such as urbanization and region., The possibility of
including all veteran users in the limited population and applying dif-
ferential weights was considered but rejected as being (1) complicated
and contrived; and (2) not in keeping with the primary purpdse of this
research. Thus, it was decided to use the total NMCES file for veteran-
related analyses. The results of these analyses are discussed in

Chapter 3.
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Table 2.8 Recommended domain and analysis variables to calculate
rates of homogeneity

Domain: Urban veteran users of medical services
Rural veteran users of medical services

Northeastern veteran users of medical services
Northcentral veteran users of medical services
Southeastern veteran users of medical services
Western veteran users of medical services

Analysis: Average number of visits
Average cost of visits
Average time in minutes to get to usual source
Average number of prescribed medicines
Average cost of prescribed medicines
Average number of dental visits
Average cost of dental visits

Table 2.9 Suggested domain and analysis variables
to compare differences in domain proportions

Domain: Veterans
Nonveterans {males, over age 20)

Veteran users of medical services
Other Veteran

Urban veteran users of medical services
Rural veteran users of medical services

Analysis: Average age
Average jncome
Average years of education
Average number of visits
Average cost of visits
Average time in minutes to get to usual source of care
Average number of prescribed medicines
Average cost of prescribed medicines
Average number of dental visits
Average cost of dental visits
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Specific output for the first Veterans Administration (VA) analysis,

defined in section 1.3.3, is specified below:

1l

A total of 42 rates of homogeneity will be calculated from the
total NMCES file using the NMCES weight and the appropriate
formula determined from the dissertation. Each of the six
domain variables in Table 2.8 is a segregated domain; the first
two involve urban or rural status, and the last four are
regional c1as§ifications. The 42 rohs will be determined from
the six domain variables and seQen analysis variables in Table
2.8.

The rates'bf homogeneity will be interpreted aﬁ& fecommeﬁda-
tions made a§ to the generalizability of findings based'on the

magnitude of roh.

The second VA analysis may be summarized as follows:

1.

ﬁor each of the three domain difference categories defined in

Table 2.9 a difference in the proportion in each category will

be calculated for each analysis variable. The phree domain

difference categories are: | ‘

a. Veterans and nonveterans;

b. Veteran users of medica]_services and other veterans; and

¢. Urban and rural veteran users of medical services.
SESUDAAN calculates these differences as well és the
standard errors of the differences. A total of 30
differences and standard errors will be determined from
the three domain difference categories and the ten

analysis variables of Table 2.9.

H
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Using large sample theory, the null hypothesis of no difference
in the two proportions for each analysis and domain category -i

(i =1, ..., 30) may be tested as

v v

P.ri= P.
R | (2.4)

ste(Pyy - Pip)

where (pi1 - piZ) is the difference'in proportions for analysis
and domain category -i and ste (pil - piz) is the standard
error of that difference. 17 is distributed as a normal random
varigble with mean 0 and variance 1.

The Z calculated from equation 2.4 will be compared with a
critical value associated with a single tail probability of a/2
from the normal distribution with mean 0, variance 1, and Type
[ error rate of a. For example, to test the alternative
hypothesis of a difference in the proportions, Z calculated
from equation 2.4 will be compared with the critical Z values
containing .05/2 probability in a single tail of the
distribution. -If the tabular value exceeds the critical value
in absolute magnitude, then we assume a significant difference
in the two proportions. Otherwise, we assume no difference

between the proportions.




CHAPTER 3

Findings

3.1 Results From Primary Objective

The primary purpose of this dissertation was to quantify when the
design effect and proportion.variation estimation methods were appro-
priate to estimate roh. Sampling rates of homogeneity were computed by
the design effect and proportion variation estimation methods for each
of the four analysis variables and 13 domain categories in each of the
ten replicates. These sampling fates of homogeneity are summarized by
analysis variable, estimation method, and type of domain in Table 3.1.
Of particular interest are the four domain size categories; size 1 is a
small domain containing about five percent of the population, and size 4
is a large domain composing approximately 50 percent of_the population.
These domain size categories are not inclusive and were subjective]y
chosen to represent a range of values felt to be appropr1ate for thIS
research, Their selection and descr1pt1on are deta11ed 1n Tab1e 2 6.
For each domain class, esttmates for mean roh were obta1ned by averaging
across replicates for all categories in the domain class. For example,
the total class included ten estimatés, one from each replicate; urbani-
zation contained 20 estimates or 10 replicates from each category of
urban and rural. Ideally, the number of estimates for each size class
should have been 30, 30, 20,'and 30, respective]&. However, for some
replicates, sample cobservations were not present for the particular

classification,
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After examining Table 3.1, it can be seen, first, that the mean

across replicates and domain categories for each class for both the pro-
portion variation and design effect methods are generally larger than
the true value implying that both methods are overestimating the true
parameter. Secondly, we observe that means for the design effect method
are generally larger than the proportion variation method implying that,
although neither method is particularly accufate, the proporfioh
variation method is generally closer approximating the true value. The
design effect method occasionally generated estimates which exceeded
{1.000) as evidenced by the mean value of 1.666 for the_]qst analysis
variable in domain size class 1 of Table 3.1; This situation occurred
in size class 1 when a large design effect (deff‘(;) in equation.l.lo)
was larger than a small average sample cluster size (b). Thirdly,
variation among estimates obtained by the proportion variation method as
measured by the standard deviation among estimates are gehera]]y smalier
than for the design effect method; thus, the propbrtion variat{on method
generates a more compact distribution than the design effect method.
However, for the two continuous analysis variables in segregated
domains, we observed that variability among estimates was greater for
the proportion variation.mefhod than the design effect method. We also
noted that the mean for the proportion variation method was 1ar§er than
the design effect method. This occurrence was again observed in the
computation of rates of homogeneity for veteran-related continuous ana-
lysis variables in segregated domains discussed in section 3.3.1,
- And lastly, for each estimation method, variation among estimates ié

generally larger for small domains than large ones implying both methods
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Table 3.1 Comparison. of sample rates of homogeneity by estimation method
‘and analysis variable

Categorical analysis variable: Perceived Health Status “Good"

Proportion
Domain Design effect variation
. True
No. Std. Std. Mean
Type Class est.! Mean dev.3 Mean  dev.3| Roh?

- Total 10 0.059 0.057 0.054  0.051 0.021
Segregated Urbanization 20 0.057 0.063 0.050 0.055 0.021
Cross-class Size 1 25 0.122 3.999 0.091 0.414 0.139
Cross-class Size 2 30 0.262 0.515 0.065 0.206 0.052
Cross-class Size 3 20 0.165 0.150 - 0.095  0.099 0.034
Cross-class Size 4 30 0.065 0.065 0.056  0.053 0,027

Categorical analysis variable:
Insured by Health Maintenance Organization "Yes”

- Total 10 0.152 0.112 0.141  0.0%90 0.179
Segregated Urbanization 10 0.085 0.114 0.143  0.090 0.125
Cross-¢lass Size 1 6 0.629 3.393 0.349 0.473 0.315
Cross-class Size 2 16 0.122 - 0.346 0.142 0.374 0.225
Cross-class Size 3 18 0.090 0.261 0.058 0.z208 0.172
Cross-class Size 4 29 0.140 0.142 0.139  0.111 0.19]1

Continuous analysis variable:
Average dollars for all hospital admissions

- Totat 10 -0.001 0.014 0.002 0.008 0.001
Segregated Urbanization 20 -0.001 0.018 0.005 0.020 0.001
Cross-class Size 1 19 -0.050 1.846 0.169 0.438 0.493 |-
€ross-class Size 2 30 -0.019 0.165 -0.048 0.096 0.001
Cross-class Size 3 20 0.012 0.070 0.009 0.05% } -0.005
Cross-class Size 4 30 -0.005 0.020 -0.005 0,018 0.002

Continuous analysis variable: ;
Average time in minutes to get to usual source of care )

- TYotal 10 0.061 0.028 0.135 0.05¢ 0.077
Segregated Urbanization 20 0.059 0.045 0.141 0.085 0.134
Cross-class Size 1 . 25 1.666 2.378 0.547  0.437 0.290
Cross-class Size 2 30 0.248 0.582 0.278 0.175 0.118
Cross-class Size 3 20 0.11¢ 0.163 0.292 0.130 0.067
Cross-class Size 4 30 0.068 0.04% 0.157  0.071 0.077

lEstimates were obtained by averaging across replicates and domafin categories
within each class.

2Dbt ained by averaging true Rohs from study population across domain categories
for the particular domain class.

3standard deviation defined as square root of variance among sample estimates of
roh across replicates and domain categories within each class,
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are more variable for estimating roh in small domains than large ones.
This last observation provides an indication that both estimators may be
consistent; i.e;, smaller sample size implies greater instability of
estimates. We show in Appendix F that the proportion variation estima-
tor is consistent using the definition of consistency provided in
Hansen, Hurwitz, and Madow (1953, Volume I1).

Now comparing in detail the means from the two estimation methods in
Table 3.1 with the true mean Roh, it appears generally that neither
method accurately estimates the true value. True mean Rohs were
obtained by averaging true Roh from the study population across domain
categories for the particular domain class. We see, as ébserved
earlier, that both the desfgn effect and proportion variation mefhod
generally overestimate the true value.

Mean sample rohs are cohpared wfth true Rohs separately by estima-
tion method and domain category for Categorical and continuous analysis
variables in Tables 3.2 and 3.3, respectively. Means were obtained by
averéging sample estimates for roh across replicates. First, for cate-
gorical analysis variables in Table 3.2, we generally notice that the
design effect estimate exceeded fhe estimate from the proboftion
variation method. We also notice for the first categorical aha]ysis
variable where true ﬁbh is small that both methods provided overestima-
tes; whereas, for the second analysis variable, where true Roh is
iarger, both methods supplied underestimates. Second, examining con-
tinuous analysis variables in Table 3.3, we generally cobserve for the
second analysis variable where Roh is large that the proportion
variation estimate is larger thén the design effect estimate. Third, we

notice mean rohs estimated by the design effect method which exceeded

3
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Table 3.2 Sample rates of homogene1ty by estimation methoed and doma1n variables

Categorical analysis variable:

for categorical analysis variables,

Perceived health status “Good"

Roh

Proportion
Design effect variation
Domain No. Std. Std. True
Type Size Category _ Est. Mean?  dev. Mean?  dev.3

- - Total 10 0.059 0.057 0.054 (0.051 021
Tegregated - Urban 10 0.062 0.060 0.063 0.060 022
Segregated - Rural 10 0.051 0.069 0,037 0.050 019
Tross-class 1 Hisp. & Other 10 2.644 3,663 0.147 0.287 .149
Cross-class 2 Black 10 0.683 ~ 0.614 0.116 0.224 117
Cross-class 4 White 10 0.083 . 0.075 0.062 0,060 036
Tross-class 1  60-bd 10 | -2.004 5.33/ 0.140 0.340 | .077
Cross-class Z 65+ 10 0.175 0.366 0.126 0.227 052
Cross-class 3 0-18 10 0.175 0.105 0.122 0.061 074
Cross-class 4 19-59 10 0.053 0.069 0.052 0.059 .013
Tross-class 1 Dis, Male Vet. & 0.017 0.514 -0.169 0.781 .190
Cross-class 2  Other Male Vet, 10 | -0.073 0.116 -0.046 0.117 | -.012
Cross-class 3 Other Male 20+ 10 0.156 0.191 0.069 0.124 | -.006
Cross-class 4  All Other 10 0,060 0.050 0.054 0.045 L031

Categorical analysis variable: Insured By Health Maintenance Organization "ves"
- - Total 10 0.152 0.112 0.141 - 0.090 .179
Segregated - Urban 10 0.085 0.1]4 0.143 0.090 .176
Segregated - Rural -1 -1 -1 -1 -1 .073
Cross-class 1  Hisp. & Other 6 0.629 3,393 0.299 0.448 .551
Cross-class 2 Black 3 0.088 0.182 0.080 ° 0.062 243
Cross-class 4  White 9 0.167 0.166 0.174 0.115 .212
Cross-class 1 60-64 -1 -1 -1 -1 -1 428
Cross-class 2 65+ 4 0.184 0.546 0.192 0.552 .293
Cross-class 3 0-18 10 0.222 0.301 0.165 0.202 .209
Cross-class 4  19-59 10 0.103 0.109 0.109 0. 101 L3175
Tross-class 1 Dis, Male vet, -1 -1 -1 =4 -.035
Cross-ctass 2 Other Male Vet. 9 0.094 0.217 0.129 0. 333 .139
Cross-class 3 Other Male 20+ 8 | ~0.042 0.120 -0.075 0.126 135
Cross-class 4  All QOther 10 0.151 0.153 .0.138 0.118 185

Isample observations were not present for this classification,

2Mean was obtained by averaging sample estimates for roh acroés replicates.

3standard deviation defined as square root of variance among sample estimates
of roh across replicates.

28]
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Table 3.3 Sample rates of homogeneity by estimation method and domain variable

Continuous analysis variable: Average dollars for all hospital admissions

for continuous analysis variables.

Proportion .
Design Effect variation )
Domain No. Std. Std. True
Type Size Category Est. Mean!  dev.? Meanl  dev.2 Roh
- -  Total 10 ~-.001 0.014 0.002 0.008 0.00100
Segregated - Urban 0| -.00d 0.010 -0.003 0.009 0.00300
Segregated - Rural- 10 .003 0.024 0.013 0.024 | -0.00200
Tross-cTass 1 Hisp. & Other 6 .236 2.540 -0.098 0.105 0.02100
Cross-¢lass 2 Black 10| -.058 0.136 -0.060 0.103 0.00100
Cross-class 4  White 10 .011 0.017 0.003 0.019 0.00600
Cross-class 1  60-64 91 -.504 2.228 0.322 0.377 0.56400
Cross-class 2 65+ 10 .054 0.224 0.001 0.099 0.00700
Cross-class 3 0-18 10 .006 0.065 0.005 0.034 0.00200
Cross-class 4 19-59 10} -.011 0.020 -0.015 0.016 0.00005
Cross-class T Dis. Male Vet. 4 .129 0.321 0.206 1.123 0.89500
Cross-class 2 Qther Male vet. 10| -.053 0.101 -0.085 0.073} -0.00800
Cross-class 3  Other Male 20+ 10 .019 0.077 0.013 0.071 -0.01200
Cross-class 4  All Other 10] -.015 0.014 -0.001 0.013 0.00400
Continuous analysis variable: Average time in minutes to get to usual source
of care
- -~ Total 10} 0.061 0.028 0.135 0.058 0.077
Segregated - Urban 10} 0.059 0.633 0.123 0.064 0.033
Segregated -  Rural 10} 0.059 0.056 0.160 0.102 0.234
Cross-class 1  Hisp, ¥ Other 81 2.9427 Z.604 0.522 0.50Z2|° 0.076
Cross-class 2 Black 10] 0.648 0.849 0.257 0.186 0.216
Cross-class 4  White 10} 0.089 0.042 0.130 0.066 0.091
Cross-class 1 60-64 9] 2.342 Z.549 0.551 0.307 0.181
Cross-class 2 65+ 10| 0.066 0.17% 0.284 0.186 0.113
Cross-class 3 0-18 101 0.233 0.151 0.302 0.128 0.122
Cross-class 4 19-59 10} 0.037 0.037 0.178 0.082| -0.053
Cross-class 1 Dis. Male Vet. 8 0.037 0.659 0.591 0.600 0.613
Cross-class 2 QOther Male vet, 10} 0.030 0.270 0.292 0.170 0.025
Cross-class 3 QOther Male 20+ 10} 0.004 0.066 0.281 0.138 0.011
Cross-class 4  All Other 101 0.078 0.042 0.163 0.06} 0.087

IMean was obtained by averaging sample estimates for roh across replicates

2Standard deviation defined as square root of variance among sample estimates
of roh across replicates,

75
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1.00 in both tables. This situation occurred in size 1 domains and is
indicative of the design effect exceeding the average sample cluster
size., Fourth, in both Tables 3.2 and 3.3, we generally notice that
there is less variability among estimates for the prdportion variation
method than the design effect method as exemplified by a smaller stan-
dard deviation among proportion variation estimétes. Lastly, for both
estimation methods in Tab}es 3.2 and 3.3, we see more variability among
estimates for small domains than large ones as exhibited by larger stan-
dard deviations for small domains than large ones. Thus, we may say in
summary that.neither estimation method prqvided an accurate point esti-
mate of the true value; however, in terms-of relative performance, the
proportion variation method did appear to come closer to the true value
more often than the design effect method. The design effect method
appeared to breakdown especia!]y'for small domains as eQidenced by esti-
mates of roh which were greater than 1.00 and thus, out-o%iraﬁge. The
proportion'variation method also generated a more compaét sampling
distribution than the design effect methoq.

In Tables 3.4 and 3.5, sample relative deviations aEe examined. A
re]atfve deviation was‘defined as the difference in the sample estimafe
for roh and the study population true Roh and divided by the true Roh
for the study populat%on. Specifically, in Table 3.4, means and stan-

dard deviations for the relative deviations are listed by estimation

method, analysis variable, and domain class. Also included in the table '

are true mean Rohs obtained by averaging true Rohs from the study popu-
lation across domain categories for the particular class. Means and

standard deviations were obtained across replicates and domain
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categdries within each domain class. A positive mean signified an over-
estimate, while a négative mean denoted an underestimate. First, we see
mean relative deviations for each estimation method are very large
implying again that neither method accurately estimated true Roh.
Ideally, we would like all of the means for one estimation method to be
Zero. THe mean relative deviation for the first analysis variable in
the total population class implied that the relative deviation for total
roh estimated by the design effect method and averaged across the ten
replicates was 180 percent above the true value. Secondly, we see that
the magnitude of the relative.deviations is influenced by the size of
true Roh, When the true parameter was sma]i, as in average dollars for
all hospital admissions, where the true Roh was'0.00I, the relative
deviations were larger because we were dividihg by a smail true Roh. On
the other hand, relative deviations were generally small for the
respon§e of "yes" to whether insured by a Healtﬁ Mainteﬁance
Organization because of division by a relatively large true Roh (0.179)
parameter, Lastly, we noticed variability of the relative deviations
was usually less for the proportion variation method as evidenced by
smaller standard deviations. This finding was consistent with the
earlier obsérvation that the proportion variation method generated a
more compact distribution.

We generally conclude that neither the design effect nor the propor-
tion variation method accurately estimated roh as evidenced by the large
magnitude of mean relative deviations {n Table 3.4. We djd notice that’
mean relative deviations for the proportion variation method were gener-

ally smaller than for the design effect method implying the proportion



78

Tabie 3.4 Comparison of mean relative deviations by estimation method
and analysis variable

Categorical analysis variable: Perceived health status “Good"

Proportion
Domain Design effect variation
No.l : Sld.z Std.z True Mean
Type Class “est, Mean dev. Mean dev, Roh3

- Total 10 1.800 2.725 1,569 2.449 0.021
Segregated -Urbanization 20 - 1.764 3.118 1.388 2.631 0.021
Cross-ctass Size 1 25 -4,382 44,306 0.021 3.489 0.139
Cross-class Size 2 30 4.100 7.391 1.422 6.158 0.052
Cross-class Size 3 20 -12.7717 26,303 -5.883 15.774 0.034
Cross-class Size 4 : 30 1.762 - 3,424 1.494 3.021 - 0,027

Categorical analysis variable: Insured by Health Maintenance
: Organization "Yes"

- Total 10 -0.153 0.626 -0.214 0.501 0.179
Segregated Urbanization 10 -0.461 0.729 -0.098 0.576 0.125
Cross-class Size 1 6 0.106 6.177 -0.301 0.973 0.315
Cross-class Size 2 . 16 -0.444 1.424 -0.221 2.04] - 0.225
Cross-class Size 3 18 -0.626 1.360 -0.810 1.153 0.172
Cross-class Size 4 29 -0.269 0.730 -0.273 0.573 .0.191

Continuous ‘analysis variable: ’
Average dollars for all hospital admissions

- Total 10 -1.728 13.652 1,420 8.111 0.001
Segregated Urbanization 20 -2.382 B.346 -4.635 9,127 0.001
Cross-class Size 1 1% 2.081 63.020 -2.207  3.741 0.493
Cross-class Size 2 30 -15.432 83.892 17.413 66.229 0.00}
Cross-class Size 3 20 ~0.255 23.286 -0.285 12.655| -0.005
Cross-class Size 4 30 -73.906 243.281 103.986 230.351 0.003

Continuous analysis variable:
Average time in minutes to get to usual source of care

- Total 10 -0.204 0.369 0.758 0.748 0.077 ;
Segregated Urbanization 20 0.012 1.058 1.208 2.074 0.134
Cross-class Size ] - 25 14.805 25.242 3.159 4,828 0.290
Cross-class Size 2 - 30 " 0.594 6.535 4.131 6.161 0.118
Cross-class Size 3 20 0.152 4.274 13.010 14.651 0.067
Cross-class Size 4 30 -0.147 0,555 1.216  1.329 0.077

lgstimates were averaged across replicates and domain categories within
each class, ’ T

25tandard deviation was obtained as square root of variance among rela-

tive deviations across replicates and domain categories within each

class.,

3pbtained by averaging true Rohs from study populations across domain categories
for the particular domain class.

L1
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variat}on method closer approximated the true value. Another method
must be developed which more accurately estimates true Roh.

In Table 3.5, the differences in the absolute value of the relative
deviations are compared by domain category and analysis variable. For
each domain categdry and analysis variable, the mean and standard
deviation of the differences is listed in Table 3.5. These differences
are the di.k of section 2.3.4., We would interpret the mean difference
of -0.052 for the Perceived Health Status "Good" analysis variable from
the urBan domain as signifying that the design effect method was 5.2
percent better than the proportion variation method based on average
differences in absolute values of relative deviations for thé two
methods. The differences were compared to ensure that thé distribution
for a particular domain category -i across the ten replicates (k =
1,..., 10) was approximately normal. This verification was necessary to
ensure that Student's t distribution held in the Confidence Interval
procedure (see Appendix E). |

Both Lilliefors test {Conover, 1980) and the Kolmogorov-Smirnov test
(Conover, 1980) were used to check for normality. First, Lilliefors
test enabled us to determine whether the distribution of differences
across all domain categories and. analysis variablés was normally distri-
buted. The null hypothesis was that the distribution of differences
followed a normal distribution and the alternative was that the distri-
bution was nonnormal. We compared the empirical distribution function
for the distribution of differences from all of the 53 domain categories
and analysis variables to a normal cumulative distribution function with

mean equal to the grand mean of all differences in Table 3.5 (4.3) and
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standard deviation equal to the square root of the variance for all dif-
ferences (48.882). The critical value T = 0.65 had a probability value
(p-value), i.e., the probability of rejecting a critical value at least
as big as the one determined, of approximately 0.15. Tﬁus, we did not
reject the null hypothesis; we assumed the distribution of differences
was normally distributed. Secondly, for the Kolmogorov-Smirnov test, we
assumed that the distribution of differences across all domain éate-
gories and analysis variables was normally distributed with mean equal
to the grand mean (4.3) and standard deviation equal to the squaré root
of the variance (48.882) across all domain categories and analysis
variables of Table 3.5. This was the hypothesized distr{bution for the
test. Each set of ten differences from the 53 domain and-analysis
variable categories of Table 3.5 was cbmpared with the hypothesized
distribution. The null hypothesis was that both samples came from the
Same normal distribution and the alternative hypothesis was that they
came from different distributions. In two out of 53 comparisons, the
nuli hypothesis was rejected, i.e., the sample distribution of differen-
ces was found to be different from that hypothesized. These samples are
noted in the Table 3.5 footnote. The p-value associated with one of the
rejected‘samp1es, the Hispanic and Other category, was p = 0.015, and
the p-value for the other rejected sample, -age 19 to 59, was p = 0.025.
In the remaining 51 samples, the differences appeared ndnna]ly distri-
buted. Based on the outcome of both this test and the Lf1lifors test,
we concluded that the differences in assolute values of the relative
deviations within each domain category gnd analysis variable were

approximately normally distributed.



82

Now moving on to examine the outcome of our speculation that the
proportion variation method more accurately estimates roh than the
design effect method in segregated domains. The results of the con-
fidence interval procedure are pkesented in Table 3.6 for the-two cate-
gorical ana1ysfs variables and in Table 3.7 for the two continuous
analysis variables. The type and size of domain are specified, as well
as the mean difference in the absd1ute values of the re]atiQe
deviations, the standard error of this difference, the confidence inter-
val, and lastly, the preferred method and true rate of homogeneity.
Significance is noted at the five percent level. We wou}d interpret the
mean of -0.052 for the first analysis variable of perceived heé]th sta-
tus “good" from the urban domain category in Table 3.6 as signifying

that the design effect method was 5.2 percent better than the pfoportion

variation method based on the average differences in absolute values of
the relative deviations; The preferred method and significance level
were determined from the confidence interval. If the coﬁfidence inter-
val was mostly positive, then the proportion variation mefhpd was pre-
ferred, and if the confidence interval was entirely posit?ﬁé; then thg_
proportion variation method was significantly preferred ovér the desién
effect method at the five percent level. Similarly, a mostly negative
confidence interval sighified that the design effect method was pre-
ferred, -and an entirely negative interval implied the design effect
method was significantly preferred over the proportfon variation method
at the five percent level. Focusing our attention on segregated domains
in Table 3.6 and 3.7 it does not appear, as hypothesized, that the pro-

portion variation method was preferred over the design effect method for .
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estimating roh in segregated domains. On the contrary, both methods .
appeared to do about équa]]y well. Across all seven cases where a
segregated domain comparison could be hade, the proportion variation
method was preferred in four cases and the design effect in three. The
difference between the two methods was significant in two of these seven
cases. In one case, the design effect method was significant; the pro-
portion variation method was significant in the othér case.

For cross-class domains, we éonjectured that the design effect
method would be superior., After examiniﬁg Tables 3.6 and 3.7, that con-
jecture also abpeared to be false. Restricting our atten;iqp to cross-
class domains and categbrica] analysis variables of Tabie 3.6, we see
the proportion variation method is uniformly preferred over the design .
effect method. The proportion variation method was preferred in 16 out: .
of 20 comparisons. A significant difference in favor of the proportion )
variation method was observed for.three of those 16 caseg. The strong
showing by the proportion variation method probably stems fromlearlier
observations on Table 3.2 thaﬁ both the design effect aﬁd proportion
variation methods overestimate Roh for categorical analysis variables
when Roh is small. However, the proportion variation method genera]];

provides less of an overestimate. Similarly, when Roh is Targe, both
methods ﬁnderestimate, but the proportion variation method provides mofe
of an underestimate..

Now examining cross-class domains among continuous analysis
variables of Table 3.7, we see the design effect method is generally
preferred in larger domains, whereas the proportion variation method . is

superior for smaller domains. The design effect method was the method . -
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of choice in ten of 22 cases, and it was s1gn1f1cant1y better in two of
those ten cases. The proportion variation method was preferred in 12 of
22 cases, aﬁd it was significantly better in six of the 12 cases. This
outcome is an illustration of the fact that the design effect method
occasionally falls apart for estimating roh in small cross-class domains
among continuous analysis variables. Qut-of-range rohs in excess of
'1.00 were sometimes generated by the design effect method. In fact, in
Table 3.3, we see that mean sample rohs by the design effect method for
domain size category 1 often exceeded 1.00.

It 1s interesting that the proportion variation method was preferred
to estimate roh for the total analysis variable in three of the four
cases. We expected the proportion variation method to perform better
when we had equal-sized c]uéters as was the case with the total popula-
iion and the segregated domains of urban and rural. We observed that
the design effect and proportion variation methods performed about
equally well for segregated domains. Apparently this also happened for
the total population. '

We conclude from these déta that for segregated domains, either the
design effect or the propoftion variation estimation method appear to !
perform about equally well. For cross-class domains and a categor1ca]
analysis var1ab1e the proportion variation method appears to be
superior; whereas for cross-class domains and a continuous analySIS
variable, the design effect method appears to be betterufqr large
domains and the proportion variation method preferred for sﬁa]]er
domains. The design effect method particularly breaks dbwn for small

cross-class domains where out-of-range rates of homogeneity in excess of

ik
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1.00 Qere sometimes generated. We must also keep in mind our earlier
findings that neither method provides an accurate point estimate of roh.
We also need to recall that this study is an empirical study. The popu-
lation of inference is the study population of the dissertation. To
generalize the results, they must be verified by applying the same

methodology to different populations using alternate sampling designs.

3.2 Secondary Objective Findings

The reader will recall that the secondary objective was divided into
two parts. The first part consisted of determining the magnitude of the
average domain ratio (ADR) used tb impute roh for a domain eategory from
roh for the population total. The ADR can.be pictured as the ratio of
an average roh across all categories in the dbmain to roh when domains
are ignored (i.e., the total population). So we can think of the ADR as
a ratio of average roh to total roh. Kish, Groves, and Krotki (1976)
using World Fertility Survey data found the ADR to be about 1.2;
Kalsbeek (1983) suggested an ADR of 2.5 using POPLAB data. The second
part of the secondary objective concerns modeling the ratio of roh for
a@ domain category to roh fér the population total separately for each
domain category via the Verma et al model (1980). Thus, we caﬁ fhink of
this portion of the secondary objective as decomposing the ADR into its
component parts with respect to the nuﬁberiof domain categories. The
resuits from the first and second parts are summarized in the two
subsequent sections. The global purpose of this secondary objective is
to clarify the magnitude of the constant A= used in the impufation of
Figure 1.1 when we desire to know the tota{ sample size required for a

particular domain category.
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+

3.2.1 Determmination of Average Domain Ratio

Tabie 3.8 lists true study population average domain ratios for each
analysis and domain variable. For a particular analysis and domain
variable, the study population ADRs were obtained from the true popula-
tion rates of homogeneity specified in Tables 3.6 anﬁ 3.7 by averaging
true Roh for the analysis variable across all domain variable categories
and dividing by true Roh for the population total. We notice first in
Table 3.8, the great variability in magnitude of the ADR. For segre-
gated domains, the ADRs were less variable than for cross-class domains.
ADRs for segregated domains ranged from 0.500 to 1.734, whereas for
cross-class domains they varied from 0.592 to 219.75.

The majority of the ADRs were wi;hin the average ranges of 1.2, pre-
viously reported by Kish, Groves, and Krotki (1976), and 2;5 noted
earlier by Kaisbeek (1983). By examining the total ADR fof each analy-
sis variable, we saw that an unusually large ADR was generated from
division by a very small population total Roh (0.001) for the continuous
analysis variable of average dollars for all hospita].agmissions. This
analysis variable represented the very small rate of homogeneity cate-
gory in Table 2.5. Total ADR for a particular analysis variable was
calculated by forming the ratio of average Roh across all 13 domain
variable categories to total population Roh.

In the first chapter, we speculaﬁed that the larger ADR of 2.5
observed by Kalsbeek (1983) over the 1.2 of Kish et al. (1976) might
have been caused by the omission of domains of size 6 or smaller from
the Kish et al (1976) data and the inclusion of these small domains in

Kalsbeek's (1983) data. We can test this conjecture by computing true
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ADRs for the study population omitting size categories one through three
(i.e., doﬁains of size 6 or smaller). These true ADRs appear in the
rightmost co]uhn of Table 3.8. By comparing this column with the true'
ADR column, we see, as speculated, that smaller ADRs were obtained by
omitting small domains. This would explain why Kish et al (1976)
observed smaller ADRS than Kalsbeek or than we did in this dissertation.
We also notice much steadier ADRs when small domains are omitted as did
Kish et-al (1976).

We conclude that the ADRs for our study population are generally not
steady. Extremely Targe ADRs can occur when an analysis variable rate
of homogeneity for the population total is small. Thus, for our study
population, we would not feel particularly comfortable using the Kish,
Groves, and Krotki imputation procedure because the true lambda or true
ADR exhibited great varfability. Kalsbeek {1983) also observed variabi-
lity among estimates of the ADR. For Bolivia, estimates rahged from
-0.75 to 3:72 with an average of 1.47; for Indonesia, the range was from
2.19 to 7.14 and the average'va1ue was 4.65; values ranged from 0.60 to
18.17 for Somalia with an average of 4.79. The less extreme values for
ADR observed by Kish, Groves,_and Krotki (1976) may be primarily |

explained by the omission of small domains. It may also .be partially

explained by noting that World Fertility Survey (WFS) analysis variables

pertaining to fertility experience, contraceptive practice, fertility
preferences, and attitudes in developing countries generally exhibited
larger rates of homogeneity than the 0.001 selected for the very small

rch category.

K
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S;mple ADRs were determined for each of the replicates using rohs
computed by the design effect and proportion variation estimation
methods. Relative deviations were then computed for each estimation
method as the sample ADR minus the study population true value and
divided by the true value. The average difference in absolute values of
the relative deviations were compared via the confidence interval proce-
dure. The results are summarized in Table 3.9. For the first éna]ysis
variable or response of "good" to perceived health status in the urbani-
zation domain we observed fhat the proportion variation method was 45;2
percent better than the design effect method.for estimating ADR based on
the average difference in absolute values of the relative deviafions.
Examining segregated domain types, we see that the design effect and
.proportion variation estimation methods performed about equally well to
estimate the ADR. The design effect method Qas pfeferred in two of the
four cases, and the proportion variation method in the other two. The
design effect method was significant1y_preferred to the proportion
variation method in one case. For cross-class domains,‘the proportion
variation method genefa]]y appeared to be superior to the design effect
method. The proportion vafiétion method was preferred in ten of the 12
cases or 83 percent. It was significantly preferred in one of the ten
cases. The proportion variation method probably made such‘a strong
showing because many small cross-class domains were studied in this
research and the proportion variation method was the method of choice

for small cross-class domains., Again, it must be stressed that neither
the design effect nor the proportion variation method provided an

accurate point estimate for roh as noted in the findings from the
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primar} objective of this research. Thus, we would tend to lack con-
fidence in an estimate of the ADR produced by one of these procedures.

We conclude from these results that for this study population, it
does not appear feasible to obtain a simple estimate of the ADR for use
in the Kish, Groves, and Krotki (1976) imputation for the following
reasons: (1) the study population ADR varied considérably; (2) neithef
the design effect nor proportion variation estimation methods provided

good point estimates for roh.

3.2.2 Model Proportion Of Domain Contained In A Particular Category

Verification of the Verma et al (1980) model is the first question
to be addressed in this section. The Verma et al (1980)-mddel is sum-
marized in Table 3.10., The mﬁde] did not work when applied to the study
population.

1. The model fit (Rz) was extremely poor ranging from 0.635 to
0.592.

2. The model did not accommodate negative rates of homogenefty
which were occasionally generated for small domains. For one domain,
the domain degree of segregation, a, was out-of-range because negative
rohs were not accepted.

The degree of segregation parameter, a, was expected to range from
0, for segregated domains, to 1, for cross-;lass domains. The mégnitude
of values, for « were, as expected, generally small for segregated

domains and large for cross-class domains.
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Table 3,10 Estimates of'study population degree of segregation and
model fit for Verma et al.model : :

_ _ No. yo Actual  Expected
Domain variable Categories q R Obs. Obs.
SEG | Urbanization 2 0.372 0.045 7 8
CROSS  Size 1 ' 3 0.320 0.035 li 12
CROSS  Size 2 3 0.822 0.437 10 12
CﬁOSS Size 3 2 1.159 0.592 6 8
CROSS  Size 4 3 0.551 0,292 12 12

The estimates for «, ranged from 0.320 to 1.159; the latter value
exceeded the range for « because negative rohs weré notlaccepted by the
model. It is interesting that Verma et al (1980) also obtained two out-
of-range values for a; both were for analysis variables pertaining to
contraceptive knowledge in cross-class domains; a value of 1.14 was
obtained for Thailand and 1.07 for Indonesia. For a givén group of,
similar analysis variables, the -estimate of « as determfnéd by Verma et
al (1980) was generally higher for cross-class domains than segregated
domains, as expected. However, for cross-class domains, o varied widely
for similar analysis variables between countrieé. For segregated
domains, o was considerably more stable.

Examining the. coefficient of determination (RZ) in Table 3.10, we
see a better fit was obtained for larger cross-class doéains than segre-
gated domains., This result is consistent with Verma et al (1980) obser-
vations. However, our RZ values were considerably ]ower,‘pqrticularly

for segregated domains. We must remember that in this dissertation we
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were using from 6 to 12 observations to estimate each R2

, whereas Verma
et al were using from 24 to 125. Their estimates were based on much
larger sample sizes than ours.

The number of observations expected and actually used to fit each a
are also specified in Table 3.10. The expected number of observations
was obtained as the product of the number of domain categories and ana-
lysis variables in each domain ciass. The number of actual observations
was smaller than expeﬁted because the model did not accommodate negative
rates ﬁf homogeneity. Negative rohs for a domain made Yy undefined in
equation 2.3, because the negative roh generated a domain design effect
less than one, which in turn yielded a negative Dd; Yq or thé ﬁ;tural
logarithm of a negative number, Dd, was thus, undefined. Sinée CLUSTERS
computer software (1978) censors calculation of roh for small domains,
negative rohs were generally not a problem to Verma et al (1980) when
their model was developed. Examining the true Rates of Homogeneity from
Tables 3.6 and 3.7, we find these negative Rohs occurring among both
continuous and categorical analysis variables in the smaller cross-class
domains particularly the three smallest veteran status categories. The
negative Rohs signify little variability among population means per
cluster. The mean per cluster was examined for those analysis and
domain variables yielding a negative Roh and found to belextremelf
stable from cluster to cluster.

For the limited population of this dissertation, the Verma et al
(1980) model did not work as exemplified by the bad fit of Table 3.10.

Thus, for this study population, modeling the ratio of roh for
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domain to roh for population total separately for each category in the
domain did not appear to be a viable aTternat1ve.

Since the Verma et al (1980) model did not hold for the study
population, the earlier-specified comparisons to determine whether
estimation method affected the model were not made. Some reasons as to
why the model worked for Verma et al and did not work forlthe study.
population of this dissertation are included in the discussion of
section 3.4.

From these secondary objective findings, we conc]pde that for this
study population no simple estimate of lambda appeared to pg avgiJab1e
for use in the Kish, Groves, and Krotki (1976) imputation pfocedure. We
found in the first part of the secondary objective that the study popu-
Tation ADR varied considerably for d]fferent domain and ana]ys1s
variables. Thus, we would feel uneasy.using one global estimate for
lambda across several different analysis variables. In the second part
of the secondary objective, we observed that tﬁe Verma éE al model did
not hold for our study population implying we could not form separate
estimates of lambda for each domain category in the domain variable.
Since this study was an empirical one, the results must be Qerified by’

applying the same methodology to other study populations.

3.3 Findings Of Interest To Veterans

The Veterans Administration was interested in a specific sub-
population on the NMCES file called veteran users of medical serQices,
and defined as (1) veterans with (2) a physician hospital outpatient
visit or hospital admission 5n 1977. This subpopulation, consisting of

1,110 veteran users, was relatively small. Furthermore, the size of the
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subpopulation would be reduced to 185 (1/6 X 1,110) in the study popula-
tion. When these 185 veteran users were further subdivided by urbaniza-
tion and region, the sample size would be too small for any meaningful
analysis., Therefore, it was decided to use the total weighted NMCES
file for veteran-related analyses. Two separate analyses were performed
and are detailed in section 2.5. Briefly, the first analysis consisted
of calculating rates of homogeneity using the appropriate formufa deter-
mined from the dissertation, interpreting these rohs, and making a
recdmmendation as to the generalizability of findings based on the
ﬁagnitude of roh. For the second analysis, differences between veteran
users categories were compared for se?eral analysis variables. These

two analyses are discussed in the subsequent sections.

3.3.1 Calculation of Roh For Veteran-Related Domains

Estimated rates of homogeneity for urban and rural veteran users of
mediéa1 services are reported in Table 3.11. Similar estimates are
provided in Table 3.12 for veteran users of medical services by region.
Since we determmined in the dissertation that neither the design effect
nor the proportion variation estimation methods provided accurate point
estimates for roh, we decidéd to make no recommendations as to the
generalizability of findings and to calculate roh by each method to
better estimate the possible order of magnitude of true Roh.

Estimates of roh from the design effect and proportion variation
estimation metheds in Tables 3.11 and 3.12 were calculated using the
total weighted NMCES file. Since urban and rural domains in Table 3.1l
and regional domains in Table 3.12 were segregated, the nuﬁber of non-

zero sample clusters for each domain was used to determine the average
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sample cluster size in the design effect estimation method. Average .
sample cluster sizes (b) are reported in the table footnotes. All
domain variables in TabTés 3.11 and 3.12 are segregated, and all analy-
sis variables are continuous.

In the following discussion,.we_must keep in mind that neither the
~design effect nor the proportion variation estimation method provided an
accurate point estimate for roh, as determined in the empifica] study.
However, results from this epidemib]ogic application do replicate the
empirical study results for continuous analysis variables in segregated
domains; thus, more credence is lent to the empirical stuqy results, and
more confidence is provided for the ranges of rohs asso;¥$ted with these
Veteran Administration results.

Examining rates of homogeneity for urban and rural veteran users of .

medical services in Table‘3.11, we observe small differences in esti-
mated rohs by each method. This result is consistent with the general
empirical study conclusion that for segFegaied domains, tﬁe design
effect and proportion variation estimation methods performed About
equally well. Across both urban and ruré] categories, deé%én effect
rohs ranged from -0.0275 to 0.0801 with a mean of 0.0252; and the pro-i
portion variation rohs frbm -0.0210 to 0.2483 with an average‘roh of
0.0441. MWe noticed that the mean for the proportion variation mefhod
was slightly larger than the design effect method. This result agreed
with the results from Table 3.1 where for the two contiﬁuous analysis
variables in segregated domains, the mean roh for the proportion
variation method was slightly larger than the design effect method. wé

also observed that estimates obtained for roh in Table 3.11 by the .
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Table 3.11 Estimated rates of homogeneity by design effect and
proportion variation methods for urban and rural veteran
users of medical services from entire NMCES sample

Urban veteran users of | Rural veteran users of
medical servicesl medical services?
Design Proportion| Design Proportion
effect variation effect variation
Analysis variable roh roh roh roh
Average number of visits -0.0275 -0.0110 -0.0062 0.0244
Average cost of visits 0.0718 0.1204 . 0.0553 0.0266
Average time in minutes
to get to usual source
of care ~0.0403 0.2483 0.0801 0.0242
Average number of
prescribed medicines 0.0701 0.0943 0.0047 . 0.0317
Average cost of
prescribed medicines 0.0301 0.0095 -0.0157 0.0281
Average number of .
dental visits 0.0384 0.0133 -0.0136 0.0024
Average cost of
dental visits -0.0096 -0.0210 0.0339 0.0262

lyrban veteran user estimates were based on 711 responses per analysis
variable and an average sample cluster size (b) of 7.4 for all analysis
variables except average time where the total responses were 550 and

b was 5.7.

2For rural veterans users, estimates were based on 399 responses per
analysisvariable and a b of 9.7 for all variables except average time
where the responses were 338 and b was 8.2.
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proportion variation method were slightly more variable than the design
effect method. This result also was in agreement with Table 3.1.

Two negative rates of homogeneity were generated by the proportion
variation method in Table 3.11. Negétive rohs by definition imply
Tittle variability between the estimated méans for a cluster. Estimated
means per cluster were examined‘for these negative rohs and found to be
stable. Five negative rohs were generated by the design effect method.
These negative roh§ were caused by the design effect being less than one
(1.00). Negative design éffect rohs were also generated in the empiri-
cal study as evidenced in Table 3.1 by a negative design_effect_mean roh
for one of the two continuous analysis variables in segregated domains.

We also noticed larger rates of homogeneity for the analysis

variable of average time in minutes to get to usual source of care.

This was the only analysis variable exhibiting item nonresbonse.
Nonrespondents were of two types: (1) those who did not étate a usual
source of care and (2) those who failed to respond with number‘éf minu-
tes to usual source of care. The tota]'item nonresponse to tﬁis
question was about 27 percent, and it was nearly equally aivided between
the two categories (Cohen and Kalsbeek, 1981). Thus, iﬁ deitioﬁ to the
expected variability in response to this question, the'averagg sahple
cluster sizes were also smaller which was found in the empirical study
to Tead to larger rohs. These two factors are suggested as possible
contributors to the larger rohs observed for the 6verage time analysis

variable.

Rates of homogeneity for veteran users of medical services by region

in Table 3.12 exhibited these same characteristics previously noted for .
) L

iy
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urban and rural veteran users. Estimated rohs by each method were
fairly similar agreeing with the empirical stu&y finding of little dff-
ference in the two estimation methods for segregated domains. Across
all regions, the design effect rohs ranged from -0.0450 to 0.1514 with a
mean of 0.0263; while the proportion variation rohs ranged from -0.0984
to 0.2149 with an average of 0.0576. We observed the mean for the pro-
portion variation method to be slightly Targer than the design effect
metﬁod, and the estimates for the proportion variation method to be
s]ightiy more variable than the design effect method. Both of these
results also agreed with empirical study findings as exhibited in Table
3.1. We noted eleven negative rates of homogeneity for the design
effect method and five for the proportion variation method. It appeared
from the empirical study, as shown in Table 3.1, that more negative rohs
were generated by the design effect method than the pfoportion variation
method for continuous analysis variables in segregated ddﬁains. Last]y,
larger rohs were observed for the analysis variable of aﬁérage tihe in
minutes to get to usual source of care. An explanation for'this

occurrence was offered in the preceding paragraph.

3.3.2 (Compare Differences Between Veteran-Related Categories

Differences between veterans and nonveterans with respect to certain
demographic, medical utilization, and medical cost variables are
summarized in Table 3.13. The differences between the two categories as
well as the standard errors of the differences and the associated Z
vaTues are provided.’ The standard errors of the differences were
estimated using the computer software SESUDAAN (Shah, 1980) which

included the covariances in the differences. Significant differences
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betweén veterans and nonveterans are noted with an asterisk in Table
3.13. Significance is noted at the five percent level,

Significant differences were observed between veterans and
nonveterans with respect to age, income, years of schooling, and number
and cost of dental visits, In each case, the figure was larger for
veterans, That is, veterans were significantly older than nonveterans
by about 4.5 years; the average age for veterans was 46.5 years and for
nonveterans, 42.0 years. Nonveterans were defined as males who were at
teast 20 years of age and who had never participated in the military.
service. We also see from Table 3.13 that veﬁerans earneq a signifi-
cantly higher average annual income than nonveterans; the fiéure; were
315,288 and $11,298, respectively; average income directly adjusted for
age by pooling the two groups was also significantly higher for veterans
($13,401) than nonveterans {$12,080); thus, we concluded veterans indeed
had higher average incomes than nonveterans after adjusting for age.
Veterans also had completed significantly more schooling than non-
veterans, 12.1 years versus 11.4 years; average income was again
directly adjusted for years of schools by pooling the twé groups;
adjusted average income for veterans ($14,591) was significantly higher
than for nonveterans ($11,270) after accounting for educational differ-
ences; thus, we concluded veterans again had higher average incomes than
nonveterans after adjusting for years of education. Finally, average
income directly adjusted for both age and education was still signifi-
cantiy higher for veterans ($12,922) than nonveterans ($12,281). We
observe in Table 3.13 that veterans visited dentists significantly more

often than nonveterans; veterans average cost of dental visits were
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also significadt]y higher than for nonveterans; average number and cost

of dental visits were directly adjusted for age by pooling the two

groups; both figures were still significantly higher for veterans

(1.2, $58) than nonveterans (1.0, $43) after adjustment.

Thus, we

Table 3.13 Comparisons between veterans and nonveterans

in the total NMCES sample*

Analysis variable| Veteran Nonveteran Difference ste(Diff.) Z
Average age 46.5 42.0 4.5 0.33 13.64*
Average income $15,288  $11,298 $3,990 269.68 14.80*
Average years of ‘

education 12.1 11.4 0.7 0.08 8.,75*
Average number

of visits 3.6 3.5 0.1 0.12 0.83
Average cost

of visits $108 $95 $13 6.97 1.87
Average time in

minutes to get

to usual source

of care 19.6 18.9 0.7 0.87 0.80
Average number

of prescribed . '

medicines 3.99 4.01 -0.02 0.18 -0.11
Average cost of '

prescribed

medicine $26.22 $26.26 $-0.04 0.04 -1.00
Average number of

dental visits 1.3 1.0 0.3 0.05 6.00*
Average cost of '

dental visits $60 $42 $18 3.90 4.62%

*Based on following sample sizes:

(7,170)

Veterans (5,135) and Nonveterans
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concluded that veterans had more and costlier dental visits than non-
veterans after adjusting for age. |

Several of the estimates were compared with results from the 1981
National Health Interview Survey (NHIS). Comparisons were favorable.
The average annual number of physician visits reported by males was 4.0
closely agreeing with the 3.6 and 3.5 reported by veterans and
nonveterans in the NMCES survey. The average number of dental visits
per year for males from NHIS was 1.5 again paralleling the 1.3 and 1.0
visits for veterans and nonveterans from'NMCES.

Veteran users of medical services were compared with other veterans
in Table 3.14. We noted significant differences, at the five ﬁercent
level, between all analysis variables except average cost of dental
visits, In particular, we saw-that veteran users of medical services
were significantly older than other veterans and had lower 1ncomeslthan
other veterans. A significantly higher number and cost of physician
visits were also seen among veteran users of medical services than other
veterans, Lastly, a significantly larger number and higher cost of
prescribed medicines were associated with veteraﬁ users of medical ser-
vices, Veteran users of medical services were defined as veterans with
a physician hospital outpatient visit or hospital admission in 1977.
The group was created to be similar to potential Veteran Adminigtration
users, It is interestfng that the findings from these comparisons were

consistent with previously published results for applicants to Veteran

Administration facilities (U.S. Senate, 1977). The report found that
Veteran Administration applicants were older and -poorer than veterans in

general as we did; it also found that applicants had more chronic health
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Table 3.14 Comparisons between veteran users of medical services and
other veterans in the total NMCES sample

. Yeteran
Users of
Medical Other - .

Analysis variable | Services Veteran Differences ste(Diff.) A
Average age 49.9 45.6 4.3 0.53 8.11*
Average income $14,082 $15,607 $-1,525 490.35 -3,11*
“Average years of

education 11.7 12.2 -0.5 0.13 -3.88*
Average number _ .

of visits 8.1 2.3 " 5.8 0.29 20,35*
Average cost :

of visits $279 $63. $216 27.34 7.90*
Average time in |

minutes to get

to usual source S 3

of care - 23.7 18.3 5.4 1.64 3.29*
Average number '

of prescribed : :

medicines 8.2 2.9 ' 5.3 - 0.43 12.45%*
Average cost of . t

prescribed

medicine $52 $19 $33 2.67 12,38*
Average number of

dental visits 1.5 1.2 ‘ 0.3 0.10 3.03*
Average cost of

dental visits $58 $61 $-3 6.00 -0.50

*Based on following sample sizes: Veterans users of medical services
(1,110) and other veterans (4,025)
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probléms associated with more physician visits and larger numbers of
prescribed medicines as we found.

Urban and rural veteran users of medical services were compared in
Table 3.15. All comparisons between urban and rural veteran users of
medical services were significantly different except age, average number
of prescribed medicines, and avérage cost of prescribed medicines. We
observed significant differences for average number and average cost of
visits as well as average number and average cost of dental visits. In
eachrcase, the figure was larger for urbaﬁ than rural veteran users of
medical services. We also noted that urban veteran users of medical
services exhibited a significantly lower average time to usual source of
care than rural users. Thus, urban veteran users appeared to have
better and more frequent access to medical and dental care than rural

veteran users.

3.4 Discussion OFf Results

This discussion is speculation. Very little research has been done
on estimation of rates of homogeneity in multistage sémples.. It is
- hoped that this discussion will generate further research in the area of
estimation, particularly a theoretical approach.

The findings of this study which are of greatest practical signifi-
cance to research concerned the fact that neither the design effect nor
the proportion variation estimation method provided accurate point esti-
mates for roh. However, comparing the two methods, the proportion
variation method appeared to come closer to the true value more often,
The proportion variation estimate was also less variable than the design

effect estimate as evidenced by the smaller standard deviations in
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Table 3,15 Comparisons between urban and rural veteran users of
medical services in the total NMCES sample.

" Urban Rural

Veteran Veteran

Analysis variable | . Users Users Differences ste(Diff,) Z
Average age 49.9 49,8 0.1 1.00 0.10
Average income $15,042  $12,048 $ 2,994 907.27 3.30*
Average years of

education 12.0 11.0 1.0 0.25 4.07*
Average number :

of visits 8.7 6.8 1.9 0.51 3.69%
Average cost

of visits $313 $206 $107 42.13 | 2.54*
Average time in

minutes to get

to usual source .

of care 20.7 29.5 -8.8 3.70 -2.38%
Average number |

of prescribed : : :

medicines 8.3 8.0 0.3 0.81 0.37
Average cost of

prescribed :

medicine $52.5 $51.0 $1.5 5.00 0.30
Average number of : :

dental visits 1.7 1.0 0.7 0.16. 4,36*
Average cost of ‘

dental visits $68 $36 $32 8.53 3.75*

*Based on following sémple sizes: Urban veteran users of medical
services (711) and rural veteran users of medical services (399).
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empir}ca] sampling distributions of Tables 3.1 through 3.3. These find-
ings suggest a more accurate estimator than the proportion variation
method exists. In view of the importance and utility of roh as cited in
Chapter 1, we would strongly encourage the search for such.an estimator.

It appears that this new estimator should be patterned after the
proportion variation method since it appeared stronger; however, the new
estimator must also incorporate changes to capitalize on the strengths
of the design effect method. For example, the design effect method .
worked best for continuous analysis variables in Targe cross-class
domains; it may be possible to improve the new proportiqn variation
estimator to better estimate roh for continuous analysig Qarfables in
large cross-class domains. It would also be helpful to find a simpler
estimator than the proportion variation method. Other specific ideas
for improving the proportion variation method are provi&ed inithe fufure
research section 4.2.

A second important practical consideration from this reseafch con-
cerns when it is advisab]é to use the design effect method to estimate
roh. We saw in Chapter 1 that the design effect method was generally
used to estimate roh., We determined in the first part of Chapter 3 that
the design effect method sometimes provided a poor estimate for roh.
‘The method particularly appeared to breakdown for continuous analysis
variables in smalil cross-class domains. We may generally regard roh
estimated by the design effect method as a crude or rough estimafe.
Thus, the design effect method might be used to estimate roh for deter-
mining the total sample size for a particular survey. ﬂowever, we would

not want to use it to determine the optimum cluster size or optimum
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allocation. These more detailed calculations would require a more
refined estimate of roh such as that obtained from a pretest or previous
similar survey. ”

Another important reseérch finding from this study was ;he fact that
the average domaiﬁ ratio (ADR) was not constant for the study pdpu]ation
and the Verma, Scott, and 0'Murcheartaigh {1980) model provided a poor
fit for the study population. Thus, it does not appear advisable to use
a single estimate for lambda in the Kish, Groves, and Krotki {1976)
imputation procedure of Figure 1.1 to obtain domain roh from total roh.
Average domain ratios (ADRs) for the study population WE(é compqted in
Table 3.8. The ADR for a particular analysis variable wﬁs Qéfined as
the ratio of average roh across all domain categories tq rbh for the
~ population total. If the population total estimate for roh was small, .
the ADR could become sizable because of division by a small number.

This phenomenon was observed in Table 3.8 for average dollars for‘a11
hospital admissions. Kalsbeek (1983) also observed variability among
estimates of ADR. For Bolivia, he observed values ranging from -0.75 to
3.72 with an average of 1.47; the range was from 2.19 to f.14 with an
average of 4.65 for Indonesia; and values ranged from 0.60 to 18,17 for
Somalia with an avérage of 4.79. Thus, estimating lambdé of the Kish,
Groves, and Krotki (1976) imputation by means of the ADR does ndt appear
feasible. We also observed in Table 3.8 that the Kish et al (1976)
estimate of 1,2 forrlambda was lower than the Kalsbeek (1983) estimate
of 2.5 primarily because small domains (i.e., c]uétérs coﬁtaining six
elements or less) were omitted from the Kish et al (1976) estimate and

included in Kalsbeek's (1983). Omission of small domains also helped to .
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exp]a%n why the Kish et al (1976) ADRs were more constant or stable than
those observed by Kalsbeek (1983) or seen by us in this dissertation.

Verma, Scott and 0'Murcheartaigh (1980) attempted to model the Kish,
Groves, and Krotki (1976) lambda separately for each domain category.
When we appfied their methodology to the study population, we found the
model supplied a very poor fit. The model coefficient or determination
or R2 in Table 3.9 ranged from 0.035 to 0.592. The following reasons
are suggested as to why the Verma et al (1980) model worked on World
Fertility Survey (WFS) data but failed ta work on the study population
of this dissertation. First, CLUSTERS computer software (1978) was used
by WFS to estimate roh; estimates of roh were therefore censored for
clusters of six elements or less. Thus, many large rohs and also many .
negative rohs, generated by small domains, were excluded from the-NFS
data. The WFS rohs were therefore Tess variable than those from the
study population. Secondly, the number of observations on Qﬁich each
estimate of model fit was based was larger for WFS than fof our study
population. For WFS data, the number of observations per estimate
ranged from 24 to 125, whereas ours ranged from 6 to 12. The WFS esti-
mates of the degree of segregation, a, and the coefficient of deter-
minapion, R2, were based on larger sample sizes than thdse from the
study population. Third, the coefficients of determination for WFS
data, while good, were not spectacular. Fifty percent were greater thén
0.65; 30 percent were greater than or equal to 0.50 and less than or
equal to 0.65; and 20 percent were less than 0.50.- Lastly, the Verma

et al model assumed that (1) both roh for the domain and roh for the
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popu1a£ign total were small and (2) the ratio of roh for domain to roh
for population total was 1.00. These assumptions may have been true for
the WFS data, but they definitely were not true for the study popula-
tion. In Tables 3.6 and 3.7, true Roh for the study population was
greater than 0.1 in 23 of 56 cases or 41'percent which is not par-
ticularly sm$11. Fufthenhore, the ratio of roh for domain to roh for
total was greater than or equal to 2.00 for 20 out qf 52.cases or 38
percent. Recall that these small domains’were not a problem for WFS
data since CLUSTERS (Venna, 1978) computer software censors the data for
gma11 domqins. Since the study population ADR was not steady and the
Verma et al (1980) model failed to work on the study population, it does
not appear wise to use a single global estimate for lambda in the Kish,
Groves, and Krotki (1976) imputation of Figure 1.1 to obtain the sample
size for a particular domain category when roh for the population total

is known.

4



CHAPTER 4
Summary Of Results And Suggestions For

Future Research

4.1 Summary of Results

The primary purpose of this researéh was to quantify when each of
two methods was appropriate to estimate the fate of homogeneity or roh.
Roh is a measure of how much elements are alike within'sampling clusters
and is used in sample size determination. It was speculated that the
proportion variation method would perform better for segregated domains,
which contain only one category per cluster such as region or urban
status; and the design'effect method better for cross-class domains,
those containing more than one category per cluster like age, race, or
sex. To investigate the primary issue, two-stage cluster samples were
selected from the National Medical Care Expenditure Survey (NMCES)
household file which thus served as the population to which.inference
would be made; sample values for roh were calculated using each formula
and compared with the population va]ueg from the entire file.

As a secondary issue, how the relationship between the domain and
analysis variable may affect the appfopriate formuTa for roh was also
investigated. This secondary issue was explored by first, éa]culating
sample values for the average domain rat%o using each of the two
estimation procedures and comparing with the true population value; and

secondly, by modeling the domain degree of segregation or
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cross-classness for each estimation procedure and evaluating the model
fit. |

Results from the primary objective showed that neither the propor-
tion variation nor design effect method provided accurate point estima-
tes for roh; however, the proportion variation method, in general , more
closely approximated the true population value. For segregated domains,
the proportion variation method and the design effect method appeared to
perform about equally well, For cross-class domains and a categorical
analysis variable, the proportion variation method seemed to be
superior; whereas for cross-class domains and a continuoqs ana]ysis
variable, the design effect method looked better for estimakiﬁg'roh in
large domains, while the proportion variation method was superior for
small domains,

It was found that the average domain ratio (ADR) fof_the study popu-
Tation was nof constant. Also, for segregated domains there appeared to
be no dif%erence in the desfgn effect or proportion variation estimation
methods fpr estimating the average domain ratio. For cross-class
domains, the proportion variation method was usually preferred, although
not significantly so, to estimate the average domain ratio; The Verma et
al (1980) model was found to fit very poorly when applied to the hopuia-
tion. The model was, therefore, not investigated further td_see whether
it was affected by estimation method. | |

Since the study population ADR was not constant and the Verma et al
(1980) model failed to work on the study population, it did not seem
advisable to use a single estimate for lambda in the Kish, Groves, and

Krotki (1976) imputation procedure to obtain the sample size for a
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particular domain category when roh for the population total was known.
It must be emphasized that this study was an empirical one, and the

population of inference was the population for the dissertation or the
NMCES household file. To generalize the results, they must be verified
by applying the same methodology to-different populations using alter-

nate sampling designs.

4.2 Suggestions For Further Research

These results haQe probably generated more questions about
estimation of rates of homogeneity, than they have answered. Because so
Tittle was known about these estimators at present, this empirical study
was basically exploratory in nature; in order to validate the results,
the same estimators muét be compared using different populations. This
dissertation was limited by time, Tevel of effort, and amount of com-‘
puter funds. For these reasons, a study population was selected from
the total ‘NMCES household file; additionalTy,‘a subset of the analysis
and.domain variables on the NMCES household file were also identified
for intensive study. Ideally, we would like to conduct a study similar
to that undertaken by Kish, Groves, and Krotki {1976) for the World
Fertility Survey (WFS) or Kalsbeek (1983) for the POPulation LABoratory
(POPLAB) Survey. ]n this study, we would recommend that first, data
from several different countries be analyzed; data from both developing
and developed countries should be included as well as sampling designs
employing bofh equal and unequal selection probabilities; comparing
results from sel f-weighting and non-se]f—weightin§ sampling designs

allows the effects of sampling weights on the estimates to be assessed.
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Secondly, we would recommend that a Targe number and great variety
of domain and analysis variables be studied. Kish, Groves, and Krotki
(1976) strongly recommend this alse. In fact, they suggest that in
order to conserve funds, one study more variables omitting some of the
categories rather than studying all categories for a few variables.
Specifically for domain variables, we would recommend the inclusion of
socioeconomic, race, age, and urbanization variables. Many domain cate-
gories within these domain variables may lead to 1arge.rates of homoge-
neity, i.e., race of black, age of 60 to 64, and rural categories.

Thirdly, we would recommend that results be compared (1) for
clusters containing six or fewer elements; (2) for c]usters compr{s1ng
more than six elements; and (3} for moderate and ]arge clusters. The
comparison between six or fewer and greater than six e1e5ents would
assess differences in computer software eriteria for censofing resu]ts
between SESUDAAN (Shaw, 1980) and CLUSTERS (Verma, 1978), additional
compar1sons would evaluate estimator results from small doma1ns with
those from moderately-sized and large doma1ns. |

Fourth, it is recommended that results be compared for the.design
effect estimation method by defining the average sample cluster size for
a domain in several ways. In general, the average sampleleluster size

for a domain (B&) is defined as

(=2
[
=
[=

=8

where n, is the number of sample elements in the domain and ay is the

number of sample clusters in the domain. The problem arises when one
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tries to specify how to count 2. Three methods are recommended: (1)
a4 is the number of sample clusters containing at least one element from
any category of the domain; this method was uéed in-the dissertation;
for cross-class domains; (2) ay is the number of sample clusters con-
taining at Teast one element from any category of the domain in a
stratum. If in any stratum some clusters contain‘domain'elements while
others contain none, then all clusters in that stratum are counted in
obtaining ay. This definition should be very similar to (1) and is the
definifion used by CLUSTERS (Verma, 1978) computer software; (3) a is
the number of.nonzero sample clusters in a specific domain category;
this definition computes 3, separately for each category -1 (ad]) as the
number of nonzero sample clusters for that specific category; this
method was used in the dissertation for segregated domains., It is
_interesting that all three definitions appear to be cons{stent with
Yates' definition (1981, p. 289) when definifions 1 and 2 ;re applied to
cross-class domains and 3 to segregated domains. Yates defipition sta-
tes that the number of cTuﬁters must be taken to be the number of first-
stage unites for which the number of elements is not zero. —

Fifth, since neither the design effect nor proportion.variation
method provided accurate point estimates for roh, we woqu strongly
suggest using a theoretical approach to develop a better point estimate.
The estimator shéu]d be consistent using the definition in Hansen,
Hurwitz, and Madow (1953). It should also exhibit a small variance and
be less biased than the two methods considered in this dissertation. It
appears that the new estimator should be patterned after the proportion

variation estimator since it gererally performed better in this study.
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However, it may be possib]é to improve the estimator to better estimate .
roh for continuous analysis variables in Targe cross-class domains.
This is the area where the current proportion varjation estimafor did
not perform well.

Lastly, we would suggest that the same formulas for_the design’
effect and proportion variation estiﬁation methods as well as others be

applied to the data to see if the results of this dissertation are

duplicated.

9H
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APPENDIX A
 Flowchart And Computer Software

To Calculate Rate Of Homogeneity




OUT = PSUSTAT

QUT = TOTSTAT

MACRD TO COMPUTE RATE OF HOMOGENEITY
FLOWCHART

Sum PSU-level variables
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n

Sum total variables

u:l =
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X, Y, A

Obtain PSU-Tevel variables
dependent on R:
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*This formula for Roh can be found

Volume II, page 161.)
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in Hansen, Hurwitz, and Madow (1953,



(1 + ", h, »

Ll
48]
x b
(e} u} e
[ ] &
[ > — .
7] M e 3 -,
1] 72 -~
= -~ H] -’
= ~ al o5
" m =] el .
- n ~m
- (1Y Fal [T T+ ]
] ~ wd - ~TN
" [#a] o : s o4 -
— il om B4 [“ I
- -~ onf - — - =
wl o=} o] e m o«
nao w3 1 o -~
Q ™~ I ~: g
- [ - [F1] 1% ) ~ [
-~ =D =] = o L I o
wd =9 g I £ w o -
-~ - [ 3] [4e) 1] E - -
m [8 -] -0 > =] =D T M .
-t L ] -5 e ] [2Y] e~ |-
< N g m -q - 1] - = e
(%) - g A ew I P4 - bt &t
e . [} [ — = (@] L IR
[s < et : =~ 3] [£3] [ = A~ e
- - w fa] an - [ [ 1N - — '
= 3FT =z - N -~ Q - LTS e 1Y I | -
e e - mc i~ W v (X s e T ~F en -
0N - ~ 1%] o~ L —HEH (3 PR [« =4 o
snjalw A = - med e X | ~ I = O i RITEMH L - oMy
—~ (SR - o U B [ e~ A . = K * - e o v
[N o e e g W s Fa g 1% et [ TN 5 B £ I S S N Y ] =N AV, ] [ I [+ s LIl NP of
= el = s i < ey L = T D e =g - e &
O [= bt d 0 Ay g g U -~ [S I LS L e A e e = m- - o~
NG [} [+¢ TN ) B [ [ a N et O =~ L B
— M eg KD ew =] =g Lo = +* P AR OO QLIS el Lo + o~ ’
LN [ R L= o] oG M G es e - Oy fale M2 Gl N = L RN o —~ e
wa Ak e s Ue o L L | 2 L e YA - - El @ TS eabdes 54 snpa] ew - [T
CZ DO snfa]  EHE4 @ O e = o B I N o, e v (SR o I L T M g
= O ) = E ] £ & Kegr o oe. o U [Tt e e s B N ES ] 2 v L S~ o Ea SRS = VIR
Ml IO [ e B armW B4 O B 2 S bR VI Mm H v xS
wli & oG xs | [ 7] : MmO il U9 31 W3 s I I 1R M. DR Ol
g O = UJEE4 R NG I 4 i ot ko EmosSsUiaE * E OHE. O et
- wll HEf N O [« -1 U | I~ N | I 75 E oA O HES I ow o amg o WO, B
> O e e (e £+ v OMGeCal ] G HmaC | sCoeag Hratiatag O ~ U m 1
-2 QO [2 21 1 Vist Q4 Ay w,  (Qegem e MNEOEY B SN B @t
1] LT E ) < i bl Al [QCY. ' P <8 e PG g I P i K
T el ol Tates) o = I & ] - [l L G TE LD Fe =T al=] [ al ), o~
i IR A K n LK R L L bl e RIe O il NG~ G T i [ =
e oo J L Lo of S A 1 oo on enfy N AR alE v l] B BIE SN0 ) HeG Tl R B e 1 B4 on
QXL [ - AL cnml Py Em LI ) e | O noERER DERnEXEH 1 ZOOY << X
[~} 4 3 E- e | s HEHDEIT T AEO R HOBHHEFHDH | x| ~r O
oD EBOMD DN endoc 3TN A Il H GODLHE AT MHE-C@MODD x|l OSSR ™ GHEA e a0
OUIEO Il Gy ewfl WO A Imee | BalAMfn 38 B4 HRNEHAL AU B RAE, e et e
s o - [l R O . e le fad w3 o] 2311 [Co I ] Qe -l [=1
DUAMU DDLU\ GO | DD LD I s OB O OO DR X DO DR
O OO0 MMAmOl4  Hou) H OOOBHME Qa2 VIOBHOEuE NOCOHI & OBmil X5 Ol

WO et TG s £ 0 A0 4 e Dy o ) £y 0 O 0% 0 md e ) (G Fd o e A G D O e D Ly G G T Ehlv™ O .oga
e OaH PR PQBKBXPDISYZZP@DMH#.PDHZIEPOPDHIEPPPDH .% [S]=1 V-l H‘P:

rt g *




S5

APPENDIX B
Show Algebraically That p* For Unequal Clusters

Reduces To p For Equal Clusters



Show p* for unequal clusters reduces to p for equal clusters.
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—y
where A = number of clusters in frame;.

B = average number of elements per cluster in frame. .
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APPENDIX C

Summary Of Checks To Insure Computer Software

To Calculate‘Roh Is Accurate

n
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APPENDIX D

Derivation Of Another Estimator For Roh
Designed Specifically For Proportion And Assuming

Approximately Equal Sampling Clusters



Derivation Of Another Estimator For Roh
Designed Specifically For Proportion And Assuming

Approximately Equal Sampling Clusters

Suppose we are interested in the proportion of population elements
possessing some attribute, P.  Suppose further that the population is
divided into A unequal clusters with B; elements in each cluster. If we
assume two-stagé sampling and simplg random sampling at each stage
without stratification, then a measure of intracluster homogeneity is

approximately

f B, P (1P ‘
Roh(P) 1 - : o (0.1)

ABP(1-P) .

The approximation comes about because we assume the average cluster size

B 2 B-1 where

= _ i1
B = A ; and

the proportion of all elements in cluster -i possessing the

9
n

attribute;

B-iY

The proof is as follows. In the notation of equations 1.6 through 1;8,

we have

‘o
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v

P=;;
2 2 2
and o =0, o
A B

where N is the total number of'elements in the population;

¥ is the general ﬁean defined in equation 1.6; and 0'2 is the total
population variance which can be partitioned into the variance between
¢clusters, o i, and the variance within clusfers, os. These variances

-are defined in equations 1.6, 1.7, and 1.8, respectively.

We know that (Hansen, Hurwitz, and Madow, Volume IT, 1953, p. 165)

Roh(;)

1]
n
n

fa—
[}

52 2

lis
jr)
-

assuming B 2 B -1 and B

Let Yis 1, if element -j from cluster -i has the attribute;

J .
we know there are NP of these elements in the population.

Yij = , if element-j from cluster -i does not have the attribute;
we know there are N(1-P) of these elements in the population.
Therefore, (Yij - P)2 = {1 - P)z, if element -j from cluster -i has the
attribute and there are NP of these elements;

(Yij - P)2 = P2, if element -j from cluster -i does not have the attri-

bute and there are N{1 - P) of these elements.



A Bj 2 ‘
2 %5 Uy -PT - py2 s n - p)p?
A B N
NP -P) g - p), - (0.3)
N .
Simitarly, (¥ - Pi)2 - (1 - Pi)z, if element - from cluster -i

has the attribute and there are Bi(Pi)_of these in cluster -i;
(Yij - Pi)2 = Piz, if element -j from cluster -i does not have the

attribute and there are Bi(l - Pi) of these in cluster -i, Thus,
A

B

2 A 2 ' 2
£y (BsPs (1 - P}E + By(1 - PP

62'—'
B AT AE

Roh{P) 2 1 - 5 = 1 - — , as desired.
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APPENDIX E

Proof That Mean Of Difference In Absolute Values Of
Relative Deviations Minus Its Expected Value
And Divided By Its Standard Error

Follows Student’s t Distribution



We want to show that

f o 4 - E(d)

D7)
Sd n

follows Student's t distribution where

di=f o] -y 2

5 " (d, - )2
s iV
d n-1 *

We need to show each di has the same normal- distribution and the

d; values are independent (Johnson and Leone, 1977). For if the di's

are all normally distributed '

is also normally distributed. Then

d - E (d
°3

is distributed as a normal random variable with mean 0 and variance 1

1

ity

o



where £ (d) signifies the expected value of d and og denotes the stan-
dard error or square root of the variance of d. Further, if

(n-1) 55

———— is distributed as a chi-squared random variable with (n-1)
g
d

degrees of freedom independently of d, then

d-E (d)
o_ . _ - - -
. d -4 - E() °d __d-E(d) .,
(n-1)S§ ]/Z.csdn']’/2 Sd Sdn_l’/2
2
“d
(n - 1)

~follows Student's t distribution.

PROOF: First, the di's are independent since each comes fram separate,
independeﬁtly selected random samples or replicates. Secondly, we must
show that the di's are normally distributed. Since the replicates are
independent and consist of 500 observations each, we inay assume that

a; or the relative deviation from the design effect method are distri-
buted normally with mean My and variance °§- Similar]y; we assume the
relative deviations from the proportion variation method or bi are nor-
mally distributed with mean g and variance °§' Therefore,

d; = | ad - b” is also normally distributed since it is a linear func-
tion of normally distributed random variables; In fact, each d; is

distributed normally with mean | uJ - | “d and variance



2, 2 . |
S|4 oY %4y |4y Pese
E(d;) = E( a) - | bg) =VE'|31| - E b{| AR E

and

_ 2 2

=g + o

YR TRTTRELR

Therefore,
0 d
e
- .
is distributed normally with mean | uJ"-| wj = E (d) and variance
2 2 |
+ ¢ - p g o
4 T T
n
So,
, . d - E(d)
a(d) -

is distributed normally with mean 0 and variance 1.

2
We must now show that (n - 1) S, is distributed as a chi-squared

2
%d
variable and that Sg is independent offH.

P oBay) = o - [bd) = Plaf) ¢ ePdnd) - 2o af b

o

=

a



Cons1dgr the joint distribution of Y1 =D, YZ = Dz, ey Yn = Dn'

The corresponding Helmert Transformation (Hogg and Craig, 1978)

d ZN Yy = Yo—ees = ¥
1 1 2 n

o = Y2

dn = Yn

had Jacobian n.

The sum £ (d; - {|u) - |wgh)? = 2] (dy - A+ 3= (Jug-|ug )’
= 2] (¢ - D e 0@ - qug - ud NP
because 2(d - | vy -[ ud )) z? (di -d)=0.

So the joint probability density function (pdf) of Dl’ DZ""’ Dn

which are normally distributed can be written as

-1z o o - n
[‘z"’ Bl at T A4 4014 1’2]

-E? (dy - 3)2 -n(d - q uJ_ - | "d )2
&P 2(02+02-2 o Jo )
14 7718 T [y [y

where - . < d, <+ e, i=1,2,...n. With ¥y = d, we find via the

transformation that the joint bdf of Yl, Yz,..., Yn is



. .n'
11_1/2 o2 02 - ' ol 1o -1p
e ey ey gy o qery) il
2 " 2
exp[-(nyl---- SR 70 S-S C R0 L. (O a| | wd }) ]

e g ol A1y 47

-2 <Y< +w, i=1,2,.0., n. The pdf of v1=Eis

12

n .

@) ¥ Gy vy 241y ooy

Sy - (u) -l N?
exp : e
[2‘°|§| oy 24|y o4y |

The quotient of the joint pdf and the pdf of ¥, = d is the conditional

pdf Of Yz’ooo, Yn given Yl = .y19

i RTINS
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where q = (ny1 =Yg e Yy - yl)2 +g" (yi - yl)z. Since this is a

i=2
joint conditional pdf, it must be for all [°|§| . °|t2’| - 2941y

9 4 ]LQ> 0 that
ENE a

e e -l 02 2 -2 n-1
R L IR L PR TR FIFE LT

q |
exp |- dyy... dy, = 1.
[ 20°14 714 = 2414 °] 4% ’] ’

Now consider

2 _.n 2 _ ' 2, .n
(ﬂ-l) Sd = Z.i (di - a) = (n Yl - YZ Tane™ Yn = Yl) + E

2 _
1_=2 (Y; - YD = Q.

The conditional momeht-éenerating function of (n-1) Sg / cg = Q/cg ,

given Y1 =¥ is

2
tQ/U +m = ]/2 —1/2 -1
te Jyp=f of 0 Tz (e 1
g 2tq
expl|- — ¢+ dy vos d_Y
2 2 2 n
20d 20&



n-1 S | .

1 2 pto 4= Mol - 2t| 2 (1 - 2t)q
=| —— f f n exp |- —— c:Iyz...dyn bt
1-2t¢ o Jew 2 2
2n %4 29y

where 0 < (1 - 2t), or t < V2. However, this latter integral is exactly

the same as that of the conditional pdf of Y,,..., Y given Y, = y, with
o, .
2 °d
%4 replaced by

> 0, and thus, must equal 1. Hence, the
1 -2t '
. 2 2 .
conditional moment-generating function of (n-1} S4/94s 9iven Y, = y; or
equivalently D = d, is
n-1
2 2 Ak
e(et(1S¢/ o4 3y = (1 - 2t) for t < Yo. | :

=

That is, the conditional distribution of (n-l)Sg/'a 5, given D = d, is
chi-squared with (n-1) degrees of freedom. Morever, since it is clear

that this conditional distribution does not depend upon:d, D-and {n-1)
Sg /og must be stochastically independent or, equivalently, D and Sg

are stochastically independent.

QED

1)}
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APPENDIX F

Proof That Proportion Variation Estimator Provides

A Consistent Estimate For Roh According
To The Definition Of Consistency In Hansen,

Hurwitz, and Madow



Proof That Proportion Variation Estimator Provides

i

A Consistent Estimate For Roh According
To The Definition Of Consistency In Hansen, ~

Hurwitz, and Madow

A consistent estimate is defined as follows (Hansen, Hurwitz, and
Madow, 1953, Volume II, page 72). Let Ups Ups Ugsees be a sequénce of
random variables where un generally refers to the estimator when the
sample size is n, then U, is said to be a consistent estimator of U if,
for every €>0,

lim Pr | u - U| > €)
n—>o

n
o

'y

or equivalently

I
Pt
L

TimPr (|u - U|<e)
nN——>w

The sequence of random variables ui, Upy Ugyese js also said to converge
in probability to U. This definition also allows that the popu!étion
size N increases so that n < N always. We also assume that U.remains
unchanged as N increases. To establish consistency for.un, it is suf-
ficient to show |

lim | E(u) -ul=0

—>a n

and

'Y L1

Tim Var (un) = {0,
>«




I\

Additionally, if u_ is an unbiased estimator of U and lim Var (u ) =0,
n * —Dea n

then U is also a consistent estimator of U (Theorem 19, Hansen,
Hurwitz, and Madow, 1953, Volume II, pages 74 to 75). If
CD(Ulu, UZn""’

each of which is a consistent estimator of Uj, then ¢>(u1n, Ugpseees

Ukn) is some continuous function of uJ.n (j = 1,25004,k)

ukn) is a consistent estimator of ¢>(U1, UZ""’ Uk) (Theorem 20,
Hansen, Hurwitz, and Madow, 1953, Volume II, pages 75 to 76}.

Using these theorems, we may show that the proportion variation
estimator (equation 1.12) provides a consistent estimate of Roh (equation
1.11) because the expected value of sﬁa, Sﬁb’ and'Eh are respectively,

Sﬁa, Sﬁb, and Eh; additionally, Var (sﬁa); Var (sﬁb), and var (;h) all
approach 0 as n increases. Therefore, Sﬁa’ sﬁb, and;h are consistent

ﬁa’ Sﬁb and'ﬁh, and equation 1.12 provides a consistent estimate

for S
for equation 1.11 (Theorems 19 and 20, Hanﬁen, Hurwitz, and Madow, 1953,

Volume II, pages 74 to 76).



