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1. Introduction

The design effect for survey estimates is often used as a

tool for measuring sample efficiency and for survey planning. It

is defined as the ratio of the variance of an estimate under the
complex sample design to the variance of the same estimate that
would have been obtained from a simple random sample of the
same size (Kish, 1965, 8.2). Multi-stage surveys often employ
complex sample designs typically involving a number of design
features, such as stratification, clustering, and unequal
weighting. The efficiency of the complex sample design may be
evaluated for each design feature through decompositions of the
design effects. A direct approach to stating the overall design
effect is relatively complicated under a complex sample design
with more than one complex design feature. As an indirect
approach, Kish (1987) proposes to model the overall design

effect for a weighted sample mean Y, a/eﬁ2 (Y), as a product

of two individual components defi;(Y) and defiZ(Y)
associated with unequal weighting and clustering, respectively.
When the weight w(,) is assigned to m(,) cases, constituting a

weighting class g=1,..,G in the sample of size m=

Z§=1 m(q) , Kish’s (1987) two-factor decomposition model is

written as
defi* (Y) = defijyy (Y)- defiz-(Y) (1.1)
where
G 2
) ’”ZIW(gW(g)
deft (V) = —5= . (12)
G
Zw(g)’"(g)}
g=1
defi (V) =1+ (mg —1)pc (13)

My = n_IZ;’zlmi is the average of n sampled clusters of size

m; and pc is the rate of homogeneity (usually denoted by

roh ). This approach is well accepted by many survey samplers.
For example, Gabler, Haeder, and Lahiri (1999) provide a
model-based justification for (1.1). L&, Brick, and Kalton
(2001) discuss the above product model for design effect
decompositions and its associated component models in detail.

Component model (1.2) quantifies the increment in the

variance of Y due to unequal weighting arisen from
“haphazard” or “random” sources such as nonresponse or frame
problems (Kish, 1992). Gabler et al. (1999) obtain the same
component model under a model-based framework. However, it
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may not be adequate for cluster sampling under the design-
based approach, since its derivation ignores clustering and
instead treats weighting classes as strata assuming the constant
stratum variances. Expression (1.2) is, in fact, the ratio of the

variance of Y under disproportionate stratified sampling to that
under the proportionate stratified sampling (Kish, 1992). In
addition, it may not work well if there exists a moderate
correlation between the survey characteristic and the weights
(Park and Lee, 2004).

Component model (1.3) measures the increment in the

variance of ¥ due to clustering for multistage equal probability
samples. Its form originates from the design effect for equal
probability cluster sampling of equal size clusters, which is
approximated by the same formula with the intracluster
correlation coefficient p instead of p- (Hansen, Hurwitz, and

Madow, 1953, pp. 162-163). By viewing p. as a slightly
different quantity to, or a generalization of, p, model (1.3) is

often used to study the clustering effect for multistage equal
probability samples (e.g., Kish, 1965, 5.4, 1987, and L¢é et al.,
2001). Note that p is defined only for a population with equal-

sized clusters (Lohr, 1999, p. 140). Sdrndal, Swensson, and
Wretman (1992, pp. 130-131) give an alternative quantity p;

(equivalent to the adjusted R’ in the analysis of variance
context) that is defined for populations with clusters unequal in
size. See Park and Lee (2004) for detailed comparison between
the two. Thus, the rather ambiguous quantity p- may be better

understood by comparison to the close form quantity p;; given
by (2.11) (Sections 2.3 and 3).

When cluster sample sizes vary greatly, component
model (1.3) may be no longer valid with myg (Holt, 1980).

Nonresponse adjustment to an equal probability sample leads to
unequal weights. For such cases, some weighted averages of
cluster sample sizes are often adopted as an effort to reflect to
some extent the increment of the variance due to the cluster
sample size variation. However, forcing a clustering effect
under the form (1.3) with certain modifications may not be the
best solution to measure its effect (Holt, 1980 and Park and
Lee, 2004).

A systematic selection of clusters is often considered in
multistage sampling, as it provides the effect of stratification
together with the frame sort order (Hartley, 1966 and Wolter,
1985, Chapter 7). Ignoring such an implicit stratification in
design effect decompositions may be misleading. Park et al.
(2003) consider a natural extension of Kish’s type production
models to explicitly factor out the implicit stratification effect:

defi> (V) = defi(Y)-defif, (V)-defit (V). (1.4)
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where deftg (Y) is a component model incorporating the

stratification effect, defif, (Y) is given by (1.2) and deftZ(Y)
is given by either (1.3) or its variant. Under the above
production form, the increase in the design effect due to
unequal weighting and clustering may be compensated by the
gain in precision due to efficient implicit stratification.

This paper briefly reviews Kish’s type design effect
decompositions in the literature and attempts to empirically
evaluate two decomposition models (1.1) and (1.4). Section 2
defines these models and their variants in detail under a simple
situation involving the aforementioned three design features.
Also, Section 2 discusses the intracluster correlation coefficient
and its generalizations including the rate of homogeneity.
Section 3 describes a simulation study. Section 4 concludes the
paper with a brief discussion.

2. Kish’s Type Design Effect Decomposition Models
2.1  Two-Factor Models

Consider that a finite population of M elements is
partitioned into N clusters of size M;, denoted by U = {(i, j):

i=1..,N;j=1..,M;}, where M =Z£1M[ . Suppose that an
equal-probability sample S’ of n clusters is selected in two
stages from U and weight adjustments for nonresponse result
in the unequal weights w;; assigned to each of m; respondents
from cluster i=1,...,n. Let S={@j):i=1,...,n j=L..,m;}
denote the set of respondents, which is a subset of the full
sample S’. Furthermore, assume that there are G unique
weights in S, each cluster i with mjgy elements having the

g th unique weight w,) for g=1..,G . Call the set of those
m(g) =i Mj(g) clements the g th weighting class. Note that

m; =Zg=1mi(g). The population mean Y =Y/M is then

estimated by the weighted mean
Y =% jyes WiV i j)es Wi » (2.1)
where Y =3 ev Vij -

Kish’s (1987) decomposition model for ¥ is given in
(1.1) assuming: D1) the G weighting classes are random (or
haphazard) with respect to y with the common variance, and
D2) S’ is an equal-probability sample and the variation among
m; in S is not significant. Note that component model (1.2) is
often written as
m m
me,% Zw,% m
k=1

deft%;(?):1+cvv2v: k=1 =

] (En]

by treating as if each element k€S has its own weight (or
weighting class of size one), where & is a single index for the
pair of indices (i, j) (Kish, 1992).

Gabler et al. (1999) justify (1.1) assuming a model-based
analogue to condition D1 along with D3) Vi is a realization

from the one-way random effects model

o? i=ij=],
2 . g,
cov(y, vy ) =peo” i=i,j# ], (2.2)
0 i1,

and has its simple random sampling version with nonzero

cov(y;j, i) = o? only for i=i" and j=j'. They derive
defi? (V) = defify (V) defil, (V) < defify (V) defily (V) (2.3)

where deftét (3) =1+ (mg, ~Dp; for t=12,

n 2 n G
2 § Wg)Mi(g) zm 2 Wy Mi(g)
mg, = - gG_ and mg, = ’_n Gg_
3 W) X W) Mice)
g=1 i=lg=l

Note that deﬁsz()L’)deﬁéz (Y) is an upper bound of defi?(¥)

and ’7G2 is a weighted average of cluster sample sizes with

G
weights ngI W(zg)m,-(g) . For the special case of m; =m for
all i, it becomes mg, =m and the upper bound becomes
(1.1) except for pg. Note that ps is a model parameter

different from the other quantities, p, py and pc. See

Valliant, Dorfman, and Royall (2000, Chapter 8) for more
discussion of pe .

Kish (1987) observes component model (1.3) to be fairly
robust when samples deviate moderately from condition D2.
However, a considerable variation among cluster sample sizes
may increase the variance. Holt (1980) considers a design effect

for yy; =", w;y; under condition D3, and also D4) w} is a
constant weight for cluster i, where y; =m; Z i s the

simple sample mean for cluster 7. Note that y, is equivalent
to (2.1) for a special case of S=2S", i.e., full response. With
unequal sample sizes m;, Holt (1980) derives deﬁ%{ (yy) =

Y i I mp) {1+ pe (m; —1)}, which is further simplified to
defijy (v )=1+ ps(imy ~1) 2.4)
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for equal-probability samples with w; = m; /m and

_ nos
My = 2.m;
i=1

n
Zm,- .

i=1

Note that my is another weighted average of cluster sample

sizes with weights m; and mpy >mg by the Cauchy-Schwarz

inequality. Taking the above into consideration, L¢ et al. (2001)
propose the following decomposition model:

defi* (Y) = defify (¥V)-defi3; (Y) 2.5)

The subscript(s) G;, G, and H in (2.3) and (2.5) are
used to articulate the fact that their component model for
clustering is of the form (1.3) but is derived under different
setups by Gabler ef al. and Holt, respectively.

2.2 Three-Factor Models
Suppose that D5) the first stage sampling is systematic
selection with unequal probabilities p; from the list of clusters

sorted in a specific order. We can obtain variance of ¥ from its
Taylor approximation given as Y -Y =7 = Z?:lz;nil WiiZjj »

-1

where z; =M 71( Vij -Y). Letting w; =(np;)”" denote the

sampling weights for cluster i, Z can be written as Z =

n i a — . .
zi_lw,-Z,-, where Zl-:z’]’.’;lw[ Y.z is an unbiased

ey

Wiz, The implicit
stratification effect may be reflected in variance estimation by
pairing selected clusters in the listed order. See, for example,
Wolter (1985, pp. 286-288), Westat (2001, Appendix-D), and
Megill and Gomez (1987). We may consider a variance

estimator:

estimator of the cluster total Z; =3}

n/2
5 -2 -1 5 -15 2
Vapspps (Z) =1 D (Pan1Zap-1 — P2nZan) (2.6)
h=l1
assuming a  two-cluster-per-stratum  sampling  design.
Comparing to the probability-proportional-to-size with-

replacement (ppswr) sampling variance given as v,,,q,, (2 )=

~{11(11—1)}712‘?:1 (pflii —2)2 , We may propose a component

model for the implicit stratification effect applying in
decomposition (1.4):
2 Eas _ A A
defis(Y) = Vsyspps (Z)/Vppswr (%) (2.7)

We may also consider another component model given by
replacing vyos(Z) i (2.7) by Vet (Z) = 20(n-1)}”!
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Z?:z(pflfi —-pihZ, )*, which allows
differences (see, e.g., Wolter, 1985, pp. 287-288). Hartley
(1966) measures the efficiency of the implicit stratification by
comparing the true variance to the unstratified sampling

variance under the one-stage element sampling. Park er al.

overlapping

(2003) discuss when deftg (?) can be smaller than one, that is,

efficient implicit stratification.
Under both decomposition models (1.1) and (1.4), we
will write the component model for clustering in the form

deft% ¥)=1+ (11_1C1 -Dpc, to address the fact that the overall

design effect is decomposed into either two or three factors with
a choice of (weighted) average sample sizes me, where el is

its associated estimate of p. .

2.3  Within Cluster Homogeneity Measures

Given the actual design effect deft2(17 ), the rate of
homogeneity p- can be estimated from the aforementioned
models. For example, it follows from (1.1) that

Prjew = (Mg —1)_1[d(%*|-w(?)—1] (2.8)

and PG e s PG,jei » PHjew are estimated similarly with (2.3)

and (2.4), where dZuy (V)= deft®(Y)/defif, (). Note that

additional subscripts in (2.8) denote explicitly how the
clustering component and the rate of homogeneity are
estimated. For example, C|el/ represents that the clustering

component is estimated from the two-factor production model
(1.1) ignoring stratification effect and G |e// indicates that

mg, from (2.3) is used for estimating p.. Also, it follows
from (1.4) and (2.7) that

peysiv = (g, =1 TdZep (V)11 2.9)

where mc, can take any of the four average cluster sizes in

Section 2.1 and d gy (V) = defi® () /[defify (Y)defi3 (V).

The

1+(ﬁ*—l)p* is intended to be a generalization of the

rate of homogeneity defined in the form

intracluster correlation coefficient defined by

N M, _
23 3 (vj ~Vyy 1)
i=1j>j'

(2.10)

NM, =
(Mo—l)Z1 Zl(yij -Y)
i=lj=

to a broad-spectrum of clustered sampling with the hope of
encapsulating all of the related sources of deviation related to
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clustering (Kish, 1992). Note that p is originally defined for
the population of equal-sized clusters and can be generalized as

v =1-S% /52 (2.11)

for unequal-sized cluster where

2 -1V M 72
Sow == T (- T
V=20 M

N <M, =2
et al. (1992, p. 130), Lohr (1999, 5.2.2) and Park and Lee

(2004) for more discussions. Analytic comparison is possible
between the rate of homogeneity and p;; for simple sample

populations,

is the pooled within-

cluster variance, and S i =M —1)71

is the population variance. See Sérndal

designs. For example, for simple random cluster sampling
(Sirndal et al., 1992, p. 317), Defi*(Y)=1+(M —~1)py; — N
12 N = = =
+M7ISE Y MM - M)(Y;-Y)?,
pc = py + A(M-1)MS;}!

, which becomes pc = py;

where M =M/N.

Thus, we can show that

N — — . .
> (M MYM; — M)(Y; - Y)?
for the special case of M; = M, for all i. For two-stage equal-

we can show
b=(myM)™!
= (M;-1)"

probability sampling with m; =mg for all i,

where a=1-1/M and

pc =apy +b,
N 2 37 -1

Zizl(sy,-/sy) +M
M;

Zj:l(yij

and the above two sample designs are all equal-probability
selection method (epsem).

mal M, where Sﬁi

—17,-)2 . Note that a=1 and b=0 for many cases

3. Simulation Study

To compare decomposition models discussed in Sections
1 and 2, a simulation study was conducted with regard to two
aspects among others: random weighting (D1) and significant
stratification effect (D5). The former was evaluated through two
kinds of response classes (ignorable vs. nonignorable) created
for the population. The latter was compared with two sets of
study characteristics having different relationships to a frame
sort order (without vs. with significant stratification effect). The
one-way random effects model (cf. D3) was utilized to generate
the two sets of study characteristics by differing cluster means
(Section 3.2). In addition, two-stage equal-probability sampling
with equal-size cluster samples was considered (D2 and D4)
and variations in both sizes of cluster respondents and their
final weights (cf. D3) were assumed to arise from nonresponse
(and its weight adjustments). Section 3.1 discusses how the
population was created. Section 3.2 describes how both overall
and various design effect components were estimated. Section
3.3 summarizes the simulation results.

3.1 Population

An artificial finite population with N =500 clusters was

created with its cluster sizes M; generated from
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round [50*(1 +Z )], where Z are random numbers from
p(z) =1+exp(-z) z>0 (ie.,
distribution). Two study characteristics were generated by
differing x; from the one-way random effects model:

for standard exponential

Vi = Hita;te; 3.1)

U)

where 4; is the cluster mean, g; and e; are two independent
Gaussian random errors with zero means and variances of
p,-alz and (1 i=1..,N,

j=L..,M;. Two sets of y; were considered:

—p,-)a,-z, respectively, for and

A) (no stratification effect) a common x; =106 for all clusters;
and

B) (stratification effect) y; decreasing in M; with a mean

100+500/M; and a variance 80> p2(17-000036)

Note that the former does not yield a significant stratification
effect but the latter does. The scheme for the latter was
borrowed from the idea of Lee, Rancourt, and Sérndal (1994).

Also, the other two parameters were set to constants, 0'[2 =10
and p; =0.05 for all clusters for simplicity. In addition,

nonresponse was assumed to arise with response probabilities
¢ =0.4+0.1(g-1) forclass g =1...,6 that are determined in

two ways:
I) (ignorable nonresponse) random response classes; and

N) (nonignorable nonresponse) nonrandom response classes
determined from quintiles of x;; that were generated by

i
adding a Gaussian random error of zero mean and variance
of one to y;; .

3.2  Estimation of Design Effect Components

A total of R=10,000 equal-probability samples were
selected in two stages from the finite population generated in
Section 3.1. The first-stage selection was systematic
probability-proportional-to-size (syspps) sampling of n =50
clusters with selection probability p; = M; /M from the frame
sorted by size. The second-stage selection was without-
replacement simple random sampling (srswor) of size m; =12

for all (£12)
respondents in cluster i, and its customary weight adjustment

(e.g., Valliant, 2003) led to positive unequal weights wj; that

i=1..,n. Nonresponse resulted in m;

were assigned only to a total of m =3, m; respondents. Note
that six response classes mentioned in Section 3.1 produced up
to six different weights wgy for m,) respondents within

cluster /. With full response, the final weights wj; should not

have been altered from the design weights wj; =M /m’ that are
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n

constant for all m'=3" m; =600 sampled elements. The

overall design effect was computed as deﬁz(}% )=

Vipspps (Z) Vorsr (V) , where vy, (Z) is given in (2.6) and

2 ~ 2

Verowr (Y) = (mZS wl-j)_1 ZS w;(y;—Y) s a customary
formula for a variance estimate under SRSWR used in packages
for complex survey data analysis (e.g., Westat, B-26). Table 1
lists overall design effect, its components under both two-factor
and three-factor decompositions and the associated rates of
homogeneity. Note that only the component estimates due to
clustering depend upon the choice of a decomposition model.

Table 1. Overall Design Effect, Component Models and Rate

of Homogeneity
Two-factor Three-factor
decomposition | decomposition
Overall -~ )
Design Effect | deft(Y) do _
2.5 2
Component deft5(Y) - dg
2 v 2 2
Models deftc(Y) dC\°W dClSW
deftiy (V) diy diy
Rate of PK PKleW PK|SW
homogeneity e PG, leW PG,|Sw
PG, PGylew PG)|sw
PH PH|ew PH|SW

We selected three other samples for each of the R main
samples independently under different sampling designs in
order to obtain simulation-based true values of design effect
components. The first auxiliary sample, denoted by PPSWOR,
was selected similar to the main sample except for a random
order in sorting the frame (i.e., no stratification). The other two
auxiliary samples, denoted by SRSWRI1 and SRSWR2, were
selected by with-replacement simple random sampling of sizes
m' and m, respectively. The former was for referencing the
full sample S’ and the latter was for respondents only S . Table
2 shows sample means in the form (2.1) with appropriate
samples (full vs. respondents only) and weights (base weights
vs. nonresponse adjusted weights).

Table 2. }% from four samples

Auxiliary samples
Main sample | PPSWOR | SRSWR1 | SRSWR2
S 2~ N 2o
Ysew Yow i Yrs
Sl LV LV L/
YSC YC Ysrs B

Note: S and S’ denote complete only and full samples, respectively.
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Table 3 provides how the true values for the overall

design effect and its components were estimated based on Y
from R =10,000 sets of four samples.

Table 3. Simulation-based true values for design effect and its

components
Simulation-based estimation
True value of the true value
Overall design sim /2 2 ~
effect DO (Y) = Vsim (YSCW )/Vsim (Ysrs)
Stratification sim o2 ~ ~
offect D" (V) = Vg Fsc) Vi Vew)

Dé‘lm (}7) = Vsim (YC,' )/szm ()7?'”)

lel/l'm (?) = Vsim (YSCW )/Vsim (YSCC)

Clustering effect

Weighting effect

Note: V;, represents a variance of R estimates.

3.3 Summary of Simulation Results

Table 4 and Figure 1 summarize the simulation results
for design effect decompositions under two- and three-factor
models (1.1) and (1.4) for four situations described in Section
3.1. That is, (a) Al: no stratification effect with ignorable
nonresponse, (b) AN: no stratification effect with nonignorable
nonresponse, (c) BI: stratification effect with ignorable
nonresponse, (d) BN: stratification effect with nonignorable
nonresponse. Table 4 gives nine quantities including true value
(True), average (Ave), bias (Bias), root mean square error
(Rmse), minimum (MIN), maximum (MAX), and quartiles (Q1,
Q2, Q3) of R=10,000 sets of the estimated overall design
effect and its components. Figure 1 shows boxplots of the
distributions of deviations of estimated design effect and its
components from their corresponding true value.

For the overall design effect, the bias is fairly small for
the two situations with ignorable nonresponse: (a) and (c), but it
is relatively large for the others with nonignorable nonresponse:

(b) and (d). For the weighting component d%/ , both Bias and

Rmse are very small and similar in their absolute magnitude. Its
bias is negative for those with ignorable nonresponse but it is
positive for those with nonignorable nonresponse. The

stratification component d§ is negatively biased but its

magnitude is relatively small for all situations. Such a negative
bias may have arisen from the fact that the numerator

Vsyspps (Z) does not reflect the without-replacement sampling
of the clusters, slightly overstating the variance. Both clustering
components dé s and dé,W are negatively biased for all
situations and the magnitude of the bias is fairly large for those

situations with significant stratification effects. dé,W is
considerably more biased than dg|SW~ Variation in d(Z) is
mostly attributed to dé,W, while two components d§ and

dé sy share that in d(z) evenly to a certain degree.
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Under situation (a), to which Kish’s decomposition
model (1.1) may best fit among the four considered, all
components are almost unbiased with obvious underestimation
of the weighting component. Under situation (b), both
decomposition models (1.1) and (1.4) tend to work well with
obvious overestimation of both overall and weighting
component. For two situations (c) and (d) with significant
stratification effect, Kish’s decomposition model (1.1) gives a
fair amount of negative bias for the clustering effect. That is,
failure to account for the stratification effect tends to produce
significant underestimation of the clustering effect.

Figure 2 shows the distribution of R =10,000 sets of

estimated rates of homogeneity using various averages of
cluster sample sizes from two- and three-factor decomposition

models. The horizontal reference line in each plot denotes py;
from (2.12) for each situation. As seen, rates of homogeneity
are mostly close to p;; for two situations (a) and (b) without
significant stratification effect, while they are all considerably
smaller than p;; for the other two situations (c) and (d) with
significant stratification effect. However, their magnitude is not

fluctuating across different averages of cluster sample sizes as
Kish (1987) observes.

Table 4. Comparisons of design effects and their component models

4. Discussion

In this paper, we reviewed Kish’s type design effect
decomposition models in the literature, focusing on the
assumptions on which their component models are derived (or
postulated). We empirically evaluated two- and three-factor
component models through a simulation study. Given a
significant stratification effect, Kish’s type models tend to
underestimate both weighting and clustering effects, the latter
with a considerable magnitude. With moderate variations in
sizes of respondents within clusters, substitution by a weighted
average of cluster sample sizes in the form (1.3) may not make
a significant difference. Under the presence of a significant
stratification effect, estimated rates of homogeneity deviate

much from the closed form generalization of p; to the
population intracluster correlation coefficient p and vary

greatly by models. Thus, their interpretation may not be
straightforward. In summary, the simulation results show that
Kish’s type design effect decomposition models require caution
in their interpretation since they may not work properly for
many of the practical situations deviating from the one under
which Kish’s model is originally considered.

Design
effect Ignorable Nonresponse Nonignorable Nonresponse
component| True Ave Bias Rmse Min Ql Q2 Q3 Max| True Ave Bias Rmse Min QI Q2 Q3 Max
2
do | 135 139 003 038 038 1.I1 136 1.62 3.65|1.08 147 039 056 033 118 143 171 320
2
No diy 1136 1.09 -027 027 103 1.07 1.08 1.10 128 |1.02 1.09 007 007 103 1.07 1.09 1.10 1.28
tratificati 2
SWAMHMCAOn | d§ 1105 1.01 -0.04 020 039 0.87 101 114 1.68|1.07 1.0l -006 020 040 0.88 1.01 1.14 1.65
effect d>
CSW | 136 127 -0.09 026 057 1.10 125 142 233|138 134 -0.04 026 060 1.16 132 1.50 2.56
2
dCew | 136 128 -0.08 036 035 1.02 125 149 325|138 135 003 037 031 109 132 1.57 2.95
2
do 192 195 003 054 060 1.57 1.89 226 452|159 198 039 066 051 1.61 1.93 231 4.42
2
Significant diy 127 1.09 -0.18 0.19 102 1.07 108 1.10 124|105 1.08 003 004 1.02 1.07 1.08 1.10 1.25
tratificati 2
SHAHHCAON | d§ 1090 0.86 -0.04 020 025 072 086 1.00 152088 086 -0.02 020 025 0.71 085 099 158
effect 2
dcisw | 271 210 061 072 086 182 2.07 234 371|263 215 -049 061 089 189 214 2.39 3.70
2
dCew 1271 180 -091 1.04 054 144 174 2.08 426|263 183 081 094 046 148 178 213 4.10
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Figure 1. Comparisons of deviation of design effect and their component models
from their corresponding true value, under varying simulation conditions

[s2} —
o ] - = o
- _ = _ N — = = =
= = — = o = = = = B
S = = B = i =g =N - B
- _ - _ El 5 N | ‘
= = = = l . . - : . : . : : : 3
< M m W g : N N
(=3 . . : : I ; H
= = = = = = = = e : : : : :
o | - o : . : . . R . .
=] : : L : : : : : :
2 == == |5 - ===
H G1 G2 k h gl g2 K H G1 G2 k h gl g2
(a) No stratification effect / Ignorable nonresponse (b) No stratification effect / Nonignorable nonresponse
<
< - — S
d | — —_— =
® = = = =
s = = =
<l " g R R

0.1 0.3
o | N
1]

0.2

0.2

0.1

o ] - 1 :

g1 =2 =2 = = sl = = = = :
K H G1 G2 k h gl g2 K H G1 G2 k h gl g2
(c) Stratification effect / Ignorable nonresponse (d) Stratification effect / Nonignorable nonresponse

Note: Upper cases represent rates of homogeneity with various averages of cluster sample sizes due to Kish, Holt and Gabler et al., respectively, under the three-factor
decomposition models. Lower cases correspond to those under the two-factor decomposition models.

Figure 2. Comparisons of Rates of Homogeneity under varying Simulation Conditions
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