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SUMMARY

Data are simulated for several subpopula-
tions for a two-stage cluster sampling design
using mixtures of Dirichlet-Multinomial distri-
butions. The performance of chi-squared test
statistics for comparing vectors of proportions
for several cluster samples are compared using
the simulated data. The type I error level
performance and the power of the chi-squared
tests are obtained for certain combinations of
parameter values. These chi-squared tests
include the Wald test statistic, Wald (1943),
modified chi-squared test statistics as
developed by Rao and Scott (1981), Scott and
Rao (1981), and tests based on a probability
model as developed by Koehler and Wilson (1986)
and Wilson (1986).
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1. Introduction

Methods for the analysis of categorical data
have been extensively developed for simple
random sampling with replacement. These simple
samples provide vectors of observed frequencies
that are closely approximated with multinomial
or binomial distributions, and as such the
sampling procedure is sometimes referred to as
multinomial sampling. For this kind of
sampling, conditions under which the Pearson
goodness-of-fit statistic and log-likelihood
ratio goodness-of-fit statistic have the same
asymptotic chi-square distributions have been
established and widely published. The regular-
ity conditions given by Birch (1964) are
frequently cited, A simple theoretical devel-
opment of a similar set of conditions was
recently presented by Cox (1984).

During the last decade various procedures
have been proposed for obtaining test
statistics for hypotheses when the data are
obtained from some complex survey. These
include papers by Brier (1980), Rao and Scott
(1979, 1981) Holt, Scott and Ewings (1980),
Wilson (1984), and Koehler and Wilson (1986).

The usual formulas for the Pearson and log
likelihood ratio statistic generally do not
provide reliable chi-square tests even for very
large samples. Koehler and Wilson (1986)
considered tests for the equality of vectors of
proportions when the data are obtained from
several independent two-stage cluster samples.
They showed that such test statistics can be
classified into three methods. One method is
to construct appropriate quadratic forms, which
are often referred to as Wald statistics. A
second method requires probability model to
describe the variation in the true vectors of
proportions across all clusters for each
population. Examples of this approach are
given by Brier (1980), Wilson (1984) and
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Koehler and Wilson (1986). A third approach
requires only partial information about the
covariance matrix of the observed vector of
frequencies. Examples of this approach are
given in Bedrick (1983), Scott and Rao (1981)
and Rao and Scott (1979).

In this paper test procedures from these
three different methods are investigated to
obtain a simulated comparison of their
performance in testing the equality of vectors
of proportion for two stage cluster samples.
The power of the selected test statistics are
computed and comparisons are made of the
attained level of significance. Confidence
intervals are constructed for different
procedures of estimating the clustering effect.

2. Two Stage Cluster Sample Model

Consider comparing vectors of proportions
from J populations. The members of each
population are classified into the same set of
I mutually exclusive and exhaustive categories.
For the j-th population, the true proportion of
members in the various categories are given by

1
the v;ctor T, (ﬂ e ﬂzj, ﬂIj) , where
1= ,E 7,. for each population. Estimates of

the %rue vegtors of proportions are obtained
from independent two-stage cluster samples from
each population. Each population consists of a
number of clusters. A sample of K, clusters is
randomly selected with replacement”and with
probability proportional to size (pps) from the
j=th population. Furthermore, a random sample
of n,, secondary units is selected with
replgcement from the k-th cluster selected from
the j-th population and each sampled unit is
classified into one of the I mutually exclusive
categories. Conditionally on the cluster
selected, the vector of observed frequencies
for the k-th cluster selected from the j-th
population, X cees X )'. has
a multlnomlalJEistri%ﬂ§1on %1th paramegers

(p x’ P eees Pr.y)'s where is thed
true Jectogjgf propor%ions for the aarticular
cluster selected.

A two dimensional table of frequency totals
can be constructed in which the rows correspond
to the I categories and the columns correspond
to the J populations. The j-th column of this

K

table consists of the vector X = of
total frequencies for the j- —th' popu%a%iAn. The
total number of observations obtained from the

K,
j-th population is N, = ZJ . For the
sampling scheme considereg %e}e, an unbiased
estimator for Hﬂ is

3. Wald Statistics
Consider testing the null hypothesis H :

Hﬁ = T i=1,2,...,J, for some unknown vector



ng, against the general alternative. When H
i8 true an unbiased estimator of Ty is given®by
J N

r= I a 7 where the weights are any
L j=1 N
constants such that 1 = Z?=1a. and o, >0, for
i=1, 2, ..., J. It is %asiiy showd that the
covariance matrix for -r\rﬂ-1\r‘ is
_ 2
ij = Sj Zaij + z‘i=1°‘tst’ (3.1)
where
=2 j 2
=M, + N - -
S5 7MY Gty TN B Ry )
- 1) 3.2
Ry~ 1y (3.2)
and
-1
M, = N, [diag(m,) - m. 71, .
5 3 [ g(J\rﬂ) ,'I\TIJ,T‘T‘J] (3.3)

where diag(m, ) denotes a diagonal matrix with
the elements“of 5. on the diagonal, and the
last sum in (3.2)"is across all clusters in the
j-th population with weights w, equal to the
proportion of the population iﬂgthe &~th
cluster. The matrix of covariances between 7, -
ki and 'T‘rﬁ_ bt is -

By = -y - oS+ " (3.4)

2
i3 t=1% ¢
The matrix I with diagonal blocks given by
(3.1) and off-diagonal blocks given by (3.4) is
the covariance matrix for the vector of random
deviations

‘,{-_‘ (,T\Ei_:f\t') ]\rz'-y\r", veos ,T\l'ﬂ!—"l\l'l')'. (3.5)
The evaluation of the test statistic
necessitates the estimation of the covariance
matrix I. A consistent and nearly unbiased
estimator of I is obtained by replacing Sj in

(3.1) with

K
c gk ST
557 8N 7D Eehy Rue ) Rpe iy
+ (1-a,)M,, (3.6)
where 373
IS - -1 ~ _ ~oa
Mj N, [diag(g\rlj) _‘l\rlj:!‘le]’
K o 2
= (K-l 2 - "o N (K, -1) -
ay = &1 (g nf N0/ V- N -1
K
j 2
pRSL NP

and p,, = n?lx,k is the vector of observed
propé?%ionsj§a? the k-th cluster sampled from
the j-th population. The estimate of the
covariance matrix is denoted by . If n k=P
for all clusters sampled from the j-th pgpula—J

tion, aj =1 and (3.6) reduces to
- -1 Kj ~ A oA ~
= - - - A
Sj nj(Kj 1) 2i=1(de Rﬁ)(de gﬁ) s (3.7)

which is an unbiased estimator for S.. There
are other acceptable estimators for % which

provide essentially the same value of the test
statistic for large samples but may result in
slightly different values for smaller samples.
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Clearly, I and I are singular matrices.
Nonsingular covariance matrices,.can be obtained
by deleting some elements from Q, but it is
notationally more convenignt to retain
redundant differences in d and use a
generalized inverse of I in the definition of
test statistics. Consequently, a Wald
statistic for testing the equality of the
vectors of population proportions is

2 Sea="
X" =4d'L d. (3.8)
W 4 4y
Following Moore (1977), this statistic has a
limiting central chi-square distribution with
degrees of freedom equal to the ramnk of I when
the null hypothesis is correct.

The Wald statistic in (3.8) reduces to the
Pearson chi-square statistic for testing
independence,

2 J I ~-1, ~ L2
X" =z N.Z L (nij-wi) N

o = TNyt (3.9)

when I is the usual estimate of the covariance
matrix of % for simple random sampling. This
occurs when S, = M, in (3.7) for j=1,2,...,J,
which must ocdur wlen n,, = 1 for gll sampled

clusters. For large njk values, X may be

much larger than X2 when there is substantial
variation among the observed vectors of
proportions for the clusters sampled from a
particular population. Consequently, the type
I error level of the test may be greatly
inflated if the Pearson chi-squared test is
used for a table of frequencies obtained from
two-stage cluster sampling. This fact is
demonstrated in Section 7.

The accuracy of the large sample chi-square
approximation for the null distribution of X

~

is greatly influenced by the accuracy of I as
an estimator for I. A substantial number of
sampled clusters is required to accurately
estimate large covariance matrices. When a
large number of clusters cannot be sampled from
each population, it may be advantageous to
describe variation among clusters within
populations with a more parsimonious model.

The Dirichlet-multinomial model described in
the next section uses only one parameter to
account for among cluster variation within each
population.

4, Probability Model

Brier (1980) used the Dirichlet-Multinomial
model to develop chi-square tests for models
fits to contingency tables obtained from a
single two-stage cluster sample. Under the
model the vectors of category proportions for
the clusters in the j~th population have a
Dirichlet-distribution with mean vector 7,.
properties of this model have been studied by
Mosimann (1962) and Good (1965). Koehler and
Wilson (1986) extended the model to obtain
chi-square tests for comparing vectors of
proportions obtained from several independent
two-stage cluster samples. A test for
assessing fit of the model was also presented
in Wilson (1986).

In this simulated study we consider among
others, three chi-square tests as developed by
Koehler and Wilson (1986) under the Dirichlet

The



Multinomial model. The test statistics
considered for testing Ho: T. = Ty 351325000

J; are 3 "o
RS S .
X = R A C P DA D
=1 33 4.1 J

where C, measures the clustering effect in the
jth popﬁlation. Koehler and Wilson {(1986) gave
three different methods of computing C,,
thereby producing three chi-square tests. The
first method estimator (C,_.) uses properties of
the Dirichlet-multinomial“model and assumes
that a sufficiently large number of clusters
are sampled from the j-th population so that
properties of a multivariate normal distribu-
tion can be used to accurately approximate the
covariance matrix. Benote the resulting
chi-square test by XDMB'

~

A second estimator for C, (C, ) assumes that
the covariance matrix is diggonAY, but uses the
data to estimate the variances Denote the

i hi- r t .
resulting chi-square test by XDMV

The third estimator for C, (C, ) uses a
direct estimate of the covarlance'matrix. It
does not assume that this covariance matrix is
a diagonal matrix, nor does it use the idea of
approximating normality through a transforma-
tion of the vegtor. Denote the resulting test
statistic by .

Each method ¥gr estimating C, results in a
lack-of-fit test for the Dirichiet-Multinomial
mgdel. Degote these lack-of-fit tests by X_ ,

7’ and > respectively. A detailed discus-
sion of theSe lack~of-fit test are given by
Wilson (1984). An apprgximate distribution and
test for the statistic C, have also been
considered by Wilson (19@6).

5. Partial Information on Covariance Matrix
Rao and Scott (1979) and Scott and Rao

(1981) have developed a first order correction
for which the Pearson chi-square statistic is
divided by an estimated average design effect.
We examine the performance of some of these
adjusted tests. Other modified versions of the
usual Pearson statistic have been considered by
Holt, Scott and Ewings (1980), and Bedrick
(1983) to name a few. 1In this study we consi-
der three modified chi-square Eest sEatistics.

These three test statistics, X B’ X sy and
are similar except that tge est%mated 2
average design effects are different. For XRSB

the average design effect o is based on the
estimator C,_ through the formula

jB
- 19 s -1
o= U-D7' I ¢ (- NN,
jup 3 j
Similarly, X2.. and X°, are calculated based
11 1’\ a N ,RSV RSW are calculate ase

on C,

v and Cjw respectively.

6. Design of Simulation Study
In order to study the performance of the
test statistics discussed in the last three
sections a simulation study was performed,
since it was not very convenient to obtain the
exact distribution for these statistics. The
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data were generated from two stage cluster
sampling schemes. Brier (1978) method of
generating Dirichlet variates from Beta random
variables was used to simulate the data,
Thomas and Rao (1984) have used this
distribution to study exact levels of
chi-squared goodness-of-fit statistics.
Sampling schemes examined here are obtained
from selected combinations of the given
parameters which are defined as i) I, the
number of categories which was chosen to be 5
based on a simulation study conducted by Thomas
and Rao (1984), ii) K, the Dirichlet constant,
iii) n, the number of units drawn per cluster,
iv) 7, the model probability vector, v) r, the
Y
number of independent clusters, vi) a, the
nominal significance level for the test
statistics and vii) J, the number of subpopula-
tions. The values considered for the para-
meters are K = 5; a = .05; r = 10, 25, 50; n =
10, 25, 55; I = 5; o= (.2, .2, .2, .2, .2)"
Ty = (.50, .20, .15,7.10, .05)' and Ta = (.80,
85, .05, .05, .05); J = 2 and 3. Saspling
from populations with the same Dirichlet prior
ensured that the hypothesis was true and all
population parameters are known exactly. These
tests would check the type I error performance
of the various test statistics under two stage
cluster sampling. Though adequate control of
significance levels is essential if a test
statistic is to be useful, no comparison of
competing statistic is complete without a
comparison of their powers. Power values were
obtained by comparing vectors of proportions
for data drawn from populations with different
model probability vector.

The performance of tests to check the model
assumptions was also investigated. Confidence
intervals for the estimators of the clustering
effects were also obtained.

7. Results of Simulation

All results given represent the proportion
of actual rejections of a true hypothesis of a
5 percent nominal level and 1200 independent
trials.

7.1 Wald Statistics

Table 7.1 gives the actual significance
levels (SL) for the Wald test statistic and the
Pearson statistics (Special Wald) for simulated
data based on a Dirichlet constant, k = 5. The
number of clusters vary from 10 to 50. The
cluster sizes vary from 10 to 55. The data are
simulated from three different Dirichlet
Multinomials with prior probability vectors A =
(.50, .20, .15, .10, .05)', B = (.20, .20, .20,
.20, .20)' and C = (.80, .05, .05, .05 .05)'.
The performance of deteriorates when the
number of clusters decreases, even when the
cluster sizes are large. Overall X' seems to
work best when the data are generated from a
Dirichlet distribution with model probability
vector 7 = (.20, .20, .20, .02, .20)'; and a
large number of clusters. The significance
levels for the Pearson statistic, X~ are
greatly inflated, the levels range Brom 12 to
28 percent. These findings are in part similar
to the results of Thomas and Rao (1984) for
goodness—of—ﬁit hypothesis. The significance
levels for X~ are about twice the corresponding

values for XW' Table 7.1 also shows that X;




Table 7.1

Actual Significance Levels for the
Wald Test Statistic and Pearson Statistic

2 2
r n T T SL(XW) SL(XP)
10 10 A A .10 .25
25 A A .13 .28
55 A A .10 .28
25 10 A A .07 14
25 A A .08 .16
55 A A .08 .17
25 B B .05 14
10 C C .08 .15
25 C C .08 .17
50 10 A A .06 .12
55 A A .07 .13
55 A A .07 .13
10 B B .06 .14
55 B B .07 W15
k=5 a = ,05
A = (.50, .20, .15, .10, .05)'
B = (.20, .20, .20, .20. .20)"
c = (.80, .05, .05, .05, .05)"'

is sensitive to the non uniformity of the model
probability vector especially when the number
of clusters are few. 2 9
Comparison of the powers values of X and X
are given in Table 7.2 for the case of 0, 25
and 50 clusters. The test statistic, X~ has
increased power values as the numbey of
clusters increaﬁes. In all cases Xw was more
pgwerful than X . This result is expected as
X, makes use of"all_the information on the
ciusters, whereas Xp uses the summarized data.

Table 7.2

Comparison of Powers of the Wald Statistic
and the Pearson Statistic

or the numberzof clusters. The significance
levels for are greatly inflated at times.

It improves in performance as the number of
c}uster increases, but, for small cluster sizes
had significance levels as large as 22

percent.

Table 7.3
Comparison of Actual Significance Levels for

2 2 2
%mr %mw’%mw

(Dirichlet Multinomial Model)

r noT T, SL(X;MB) SL(X%MW) SL(XDév)

2 2

r n ml HQ Power(Xw) Power(Xp)
10 10 A B .75 .71

10 A C .88 .67

25 A B .70 .69

25 A C .85 .65

55 A B .85 .67
25 10 A C .92 .85

25 A B .90 .81
50 25 A B .93 .86
A = (.50, .20, .15, .10, .05)°
B = (.20, .20, .20, .20, .20)"'
Cc = (.80, .05, .05, .05, .05";
7.2 Probability Models

Table 7.3 compares the aﬁtual significance
levels of XE B’ XDMW’ and X for a range of
values of cluster sizes and selected numbers of
clusters, The Dirichlet constant parameter, k
is equal to 5. 2

The test statistic, X]2 B performs well. The
significance levgl is qu %e stable. In all the
cases examined XDM exhibits a lower signifi-

cgnce level than or Xé . The statistic

XDMW is quite insensitive to the cluster size

w1

10 10 A A .06 .17 .20
25 A A .06 .15 .22
55 A A .05 .15 .21

25 10 A A .05 .15 .08
25 A A .06 .23 .11
55 A A .06 .25 .10
25 B B .05 .20 .08
10 C C .07 .23 .11
25 C [ .07 .29 .12

50 10 A A .06 .11 .07
55 A A .06 .12 .08
10 B B .05 .12 .07
55 B B .06 14 .08

k=35 o = .05

A = (.50, .20, .15, .10, .05)'

B = (.20, .20, .20, .20. .20)°

c = (.80, .05, .05, .05, .05)'

Estimates of powers for X;MB’ 2 , and XﬁMV
are compared in Table 7.4 for selec%gd
combinations of cluster sizes and nymber of
clusters. In all cases mined, X was the
mﬁst powerful. For large numEers of clusters

was more powerful than . Thus the
significance 1§vels and the power values
suggest that X]i should be used only for
samples including a large number of clusters
from each population. Howgver, in cases of
large number of clusters X, would provide a
more reliable tesE and wou%d be just as easy to
compute. Since X does not require a model
for the distributlon of the true vectors of
probabilities among clusters, it is sometimes
recommended when a large number of clusters are
sampledzfrom each population. The ease with
which p can be computed and the power and
reliabi qty of it is an important considera-
tion. The chizsquare apEroximation is more
accurate for M than X, both in the case
of few sampled cgusters aEd a 1ar§e numberzof
sampled clusters. Like X both X?MV and X]g
are both sensitive to the"non uni ormity o M‘E’he
model probability vector.

Table 7.4
Comparison of Powers of the

2 2 2
o Xovw’ 2™ Xpvy

2 2 2
ranomon Power(XDMB) Power(XDMw) Power(XDMV)

v 2
10 10 A B .93 .83 .77
25 A B .90 .80 .75
55 A B .93 .82 T4
10 A ¢C .92 .84 71
25 A C .93 .84 .71



Table 7.4 (Continued)

Comparison of Powers of the
2 2 2
Xoup® Xomwe 274 Xpuy

2 2 2
T Mo Power(XDMB) Power(XDMw) Power(XDMV)

r n

2525 A B .94 74 .87
10 A C .94 .79 91

50 25 A B .93 .87 .92
10 A ¢C .93 .88 .92
55 A B .93 .84 .92

A = (.50, .20, .15, .10, .05)'

B = (.20, .20, .20, .20, .20)'

¢ = (.80, .05, .05, .05, .05)"

7.3 Partial Information 9 2

Significance levels for X » X and X
are given in, Table 7.5. TheR§§gni§§gance RSW
levels for X are quite stable. As the

RS% .

numbgr of clusters increases, the aerformance
of XR v improves. The statistic X had
signl%lcance levels as high as 28 percent. The

values for XRSW are greatly inflated. 1In all

cases XRSB had smaller significance levels.

Table 7.5

Comparisons of Actual Significance Levels for

2 2 2
Xpsp® Xrove 204 Xpgy

r n I % SL(X?{SB) SL(XIZQSV) SL(Xlz<sw)

10 10 A A .05 .18 .13
25 A A .05 .19 .13
55 A A .04 .18 .13

25 10 A A .04 .08 14
25 A A .06 .10 .22
55 A A .05 .10 .24
25 B B .04 .08 .20
10 C ¢ .06 .09 .21
25 ¢ ¢ .07 .10 .28

50 10 A A .05 .06 .11
55 A A .06 .08 .12
10 B B .05 .06 .19
55 B B .05 .08 .14
5 a = .05

(.50, .20, .15, .10, .05)'
= (.20, .20, .20, .20. .20)'
(.80, .05, .05, .05, .05)'

A comparison of powers for the three
statistics in Table 7.6 shows that X is the
most powerful and very stable Eor compaEing
proportions. The powers for X and X th
fluctuate §reatly. For a large numbe o§
clusters X is more powerful than .

For the comparison of vectors of proportions
from several populations, the chi-square test
XDMB provided by the estimators C B’ j=1,

2, ev.y J; for the Dirichlet Multlnomial model
is quite similar to a modification provided

by Rao and Scott (1979) and Scott and Rao
(1981)., Thus, when the sampling scheme
involves complex samples from several different
populations, a simple improvement to the method

aw >~

of correcting chi-square tests is to compute an
average design effect for each population, and

average them to obtain a single correction
factor only if they are reasonably similar.
Otherwise, the chi-square test statistic should
be modified by using a different correction
factor fer each population., The latter type of
correction is provided by for comparing
vectors of proportions for several populations.

Table 7.6
Comparison of Powers of the
2 2 2
Xpsps ¥rsy 209 Xpgy

2 2 2
Power(XRSB) Power(XRSV) Power(Xst)

TR

10 10 A B .94 .80 .85
25 A B .92 77 .83
55 A B .93 .76 .82
10 A C .93 .75 .86
25 A C .94 .73 .85

2525 A B .93 .89 .75
10 A C .94 .91 .80

50 25 A B .94 .93 .87
10 A C .93 .93 .88
55 A B .93 .91 .85

A = (.50, .20, .15, .10, .05)'

B = (.20, .20, .20, .20, .20)'

c = (.80, .05, .05, .05, .05)' k=5

7.4 Lack-of-fit Tests

Table 7.7 gives the actual signiﬁicanﬁe
levels for the lack-of-fit tests, XB" .
and . for selected cases of clustet sizds,
and selected numbers of clusters when the data
are simulated from three Dirichlet Multinomials
with different model probaEility vectors.
Tgble 7.7 indicates that . 1s unacceptable,
X, . is very stable and mproves in its
performance as the number-gf clusters
increases. In all cases XB exhibits a lower
significance level without gei&g excessively
conservative. The statistic XBj is slightly
sensitive to the non uniformity-of the model
probability vector.

Table 7.7
Actual Significance Levels
for the Lack-of-fit Tests

2 2 2
X5 Xype Xy

(Dirichlet Multinomial Model)

r nooq, SL(ng) SL(Xéj) SL(xf,j )
0 16 A 702 A T
25 A .03 .59 .19
55 A .04 .58 .22
55 ¢ .04 .58 .21
25 10 A .05 .95 .14
25 A .05 .93 .07
55 A .05 .92 .09
25 B .05 .94 .07
0 c .04 .92 .15
25 ¢ .05 .97 .16
50 10 A .03 .65 .03
55 A .05 .69 .05
10 B .05 .58 .07
55 B .05 .68 .06




na

5 a= .05

(.50, .20, .15, .10, .05)'
(.20, .20, .20, .20. .20)'
= (.08, .05, .05, .05, .05)'

.5 Interval Estimates for Clustering Effects

Interval estimates were obtained for each of
the three procedures described for the cluster-
ing effect. The procedures based on a
normality assumption (C, ) works well when the
data are simulated fromJBirichlet Multinomials
with non uniform model probability vector. 1In
all cases the procedures yield confidence
intervals which are much tighter when the
number of clusters are larger. For few
clusters the normality assumption procedure
based on a diagonal covariance matrix (C,.)
gave lower bounds lesg than zero which we set
at zero. Estimator C,_  produced the shortest
confidence intervals,” These intervals always
covered the true value except when the data are
simulated from a uniform model probability
Dirichlet vegctor. The non normality assumption
procedure, C, gave confidence intervals which
are shorter than the procedures, C,_. The
results of this study show that the procedures
proposed by Koehler and Wilson (1986) give
consistently good coverage at the nominal 957
rate with a large number of clusters, However,
the normality assumption procedure C,, works
well for a few number of clusters.

~N O >R
]

8. Discussion

Data simulated from Dirichlet multinomial
distribution with model probability vectors
@ = (.50, .20, .15, .10, .05)' g = (.20, .20,
.20, .20, .20)' and m = (.80, .d?, .05, .05,
.05)', were used to examine the type 1 error
performance and the power of chi-squared test
statistic for the comparison of vectors of
proportion from several subpopulations under
cluster sampling. A study of test statistics
from three different methods, Wald statistics,
Probability Models and Partial Information
suggests that the methods of interest are the
Probability Models and the Partial Information.
For Wald statistics the procedure requires a
considerable number of clusters to achieve the
desired significance level. The Pearson
statistic which is a special case of the Wald
statistic is definitely unacceptable in bgth
large and small samples. The statistic XDMB of
the probability model method is the most
powerful and stable. It achieves the desired
significance level. However, it requires
knowledge of the data from each sampled
cluster. The test B is the most reliable
and stable of the par%lal information method.
It achieves the desired significance level,

requires knowledge of only the estimated
cei& design effects and the frequency counts
per subpopulation.

Thomas and Rao (1984) found that tests
formed analogous to B performed well and
noted less than desireg performances of Wald
tests. However, their work examined goodness~
of-fit tests under cluster sampling. 1In this
study we concentrated on comparing vectors of
proportions from several subpopulations. The
interest is in tests of homogeneity.

Wilson (1984) and Koehler and Wilson (1986)
presented lack-of-fit tests for checking when
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the data satisfies the assumptions of the
Dirichlet Mu%tinomial models. In this study we

found that X, is a very reliable and powerful
statistic in providing a check for Dirichlet
Multinomial data, regardless of the cluster
sizes, number of clusters selected or model
probability vector used in generating the data.
Estimating the clustering effect in a given
subpopulation depends on the model probability
vector in the Dirichlet distribution. The
estimator C,, works well when the model
probability’vector is uniformly distribu-

ted over the categories. The results of this
study suggest that the Dirichlet Multinomial
model may be a useful technique for analyzing
data from two stage cluster samples. The
process of estimating the clustering effect
which is reflected in the design effect seems
to indicate that a test of fit for the model is
necessary. Care must be taken to ensure that
the data are not approximated by Dirichlet
Multinomials based on uniform model probability
vectors. Further work is still necessary to
investigate the test of independence and the
performance of these statistics in non
Dirichlet Multinomial situations.

ACKNOWLEDGMENTS

This research was supported in part by a
Research Incentive grant from the Bureau of
Research at Arizona State University.

References

Bedrick, E.J. (1983), "Adjusted goodness-of-fit
tests for survey data," Biometrika, 70,
591-595.

Birch, M.W. (1964), "A new proof of the
Pearson-Fisher Theorem,"Annals of Mathemati-
cal Statistics, 35, 817-824.

Brier, S.5. (1978), Categorical Data Models for
Complex Sampling Schemes, Unpublished Ph.D.
Dissertation, School of Statistics,
University of Minnesota.

Brier, S. S. (1980), "Analysis of contingency
tables under cluster sampling," Biometrika,
67, 591-596.

Cox, C. (1984), "An elementary introduction to
maximum likelihood estimation for
multinomial models: Birch's Theorem and the
delta method," American Statistician, 38,
283~287.

Good, 1. J.
Cambridge, Mass:
Technology Press.

(1965), Estimation of Probabilities,
Massachusetts Institute of

Holt, D. Scott, A.J. and Ewings, P.O. (1980).
Chi-square tests with survey data. J. Roy.

Statist. Soc. A, 143, 302-320.

IMSL (1950). IMSL Library, Edition 8,
International Mathematical and Statistical
Libraries Inc., Houston, Texas.




