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ABSTRACT

STRATIFIED INVERSE CLUSTER SAMPLING WITH UPDATING PROCESS
FOR SAMPLES FROM A RARE POPULATION

By
Sewon Kim

Surveys have been a popular research tool and have been used extensively in many fields
including education. In practice, most of surveys are conducted with some part of the population,
samples. As more surveys are conducted, the range of survey participants becomes wider than
ever before. Groups of people, who did not attract enough educational researchers’ attention
because they were rare in the general population, are now considered populations of interest.
However, they are hard to sample using conventional sample designs. Such situation motivated
the development of a new sample design and Reckase, Kim, and Ju (2016) developed stratified
inverse cluster sampling with updating process (SICSUP) in order to obtain a representative
sample from such rare populations.

The objective of this study is to evaluate the performance of SICSUP with respect to
statistical and economic aspects. The statistical aspects are: (1) accuracy in parameter estimation,
(2) required sample size to achieve desired precision that results of surveys should have, and (3)
accuracy in group differentiation were examined. The economic aspect is the number of
contacted schools in order to reach the predetermined sample size of elements in SICSUP as
compared to that in stratified cluster sampling (SC) was investigated.

The results suggest that SICSUP works as well as SC and can be a useful sample design
for rare populations. Also, the results provide guidelines for the application of SICSUP in
educational surveys. In terms of precision in mean, standard deviation, and standard error

estimation, in general, SICSUP performs as well as SC except with small sample size (n = 50).



The four replication-based standard error estimators, including the jackknife, bootstrap, BRR,
and BRR with Fay’s adjustment, do not make a substantial difference in standard error
estimation.

In terms of determination of sample size, on average, SICSUP needs a slightly larger
sample than SC although the difference in sample size between the two sample designs is not
sizable. With sampling weight, SICSUP and SC require a sample size about 2.30 and 2.21 times,
respectively, larger than that in simple random sampling (SRS) in order to produce estimates as
accurate as those in SRS.

In terms of providing country rankings that are identical with those based on the
population means, SICSUP works as well as or, depending on the condition, slightly better than
SC. However, the results imply that rankings should be interpreted with caution.

With respect to economic aspect, SICSUP needs to contact fewer schools than SC in
order to reach a predetermined sample size of elements and thus, is more economical than SC.
However, SICSUP might not have advantages for rare populations with large clusters or small

number of strata.
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CHAPTER 1.

INTRODUCTION

1.1  Background

Surveys have been a popular research tool and have been used extensively in many fields
including education, psychology, and sociology. In practice, most of surveys are conducted with
some part of the population, samples, rather than with the whole population and make inferences
about the population.

Every year, more and more surveys are conducted, and the range of survey participants
becomes wider than ever before. Groups of people such as cultural minority, the homeless, and
nomads once seemed impossible to survey because they are rare in the general population, but
now they are considered target populations for surveys although they are harder to survey than
the general population.

In the field of educational research, surveys are also popular and have been widely used
to increase knowledge in the field. Like other areas, surveys have been done more frequently in
recent years, and rare, thus, hard-to-sample populations, such as students from minority group
(De Roiste & Dinneen, 2005) and children experiencing long-term foster care (Daly & Gilligan,
2005),have gained increasing attention from educational researchers.

Since the International Association for the Evaluation of Educational Achievement (IEA)
conducted the First International Mathematics Study (FIMS) in the early 1960s, which is one of
the earliest modern-day international assessments of student skills (Rutkowski, von Davier, &
Rutkowski, 2013), international large-scale surveys and assessments in education also have
gained importance and popularity among educational researchers and have become one of the

most influential studies in current education (Kirsch et al., 2013). More than 50% of the
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countries in the world have taken part in some type of international assessment (Kamens &
NcNeely, 2010). The results from international surveys do not only provide international
comparison but also impact on education policies at the national level (Smith, 2016).

Countries as a whole have characteristics, and different characteristics across countries
could make populations of interest difficult to survey at the country level in addition to at the
individual level. For example, developing countries tend to lack the resources to carry out
surveys and hence, likely to have more hard-to-survey populations. These countries might not
have enough funding for surveys so that they might omit specific subpopulations (e.g., people in
rural area and people who speak a minor language) or shorten the period for survey. They might
not have statistics collected by government censuses and statistical agencies so that general
sample frames that are often required for sampling procedure cannot be constructed readily. In
addition to the individual level factors (rare by nature), factors at the country level (rare by
operation) could increase difficulty in sampling rare populations. With respect to international
surveys in education, different educational systems across countries sometimes raise challenges
for obtaining samples.

One of the most widely used sample designs for surveys in the area of educational
research is cluster sampling because of the hierarchical structure of education systems. Students,
the major target population in educational research, are nested in classes, and classes are nested
in schools. Stratification variables are also often used to improve the representativeness of the
target population. Therefore, stratified cluster sampling is a frequently used sampling technique
for educational surveys. As well as domestic educational surveys, international large-scale
studies, such as the OECD’s Programme for International Student Assessment (PISA), the

Trends in International Mathematics and Science Study (TIMSS), and the Progress in



International Reading Literacy Study (PIRLS), use stratified multi-stage sample designs, which
are a complex form of stratified cluster sampling. In order to apply multi-stage sampling to
surveys, known proportions or frequencies of sampling units over strata are required. If sampling
units are students in schools, researchers should have a list (a frame) of students in the target
population before starting the sampling procedure.

Applying these sample designs is inconvenient when target populations are rare
populations at the country level, individual level, or both. For instance, at the individual level, a
significant proportion of clusters might not include any sampling unit, which can be considered a
rare population by nature, and at the country level, a country might not know the distribution of
sampling units due to the limited resource, which can be considered a rare population by
operation. If the target population is a rare population at the individual level and also at the
country level, obtaining samples for the survey would become much harder.

Such problem motivated the development of a new sample design, and Reckase, Kim,
and Ju (2016) developed stratified inverse cluster sampling with updating process (SICSUP)* in
order to obtain a representative sample under these circumstances.

1.2 Stratified Inverse Cluster Sampling with Updating Process (SICSUP)

Before describing the SICSUP procedure, | need to define a few key terms and describe
situations that this dissertation focuses on. In this section, only the terms that are necessary for
describing SICSUP were mentioned. More concepts and definitions of sampling are discussed in
detail in Chapter 2.

In this dissertation, samples are stratified and clustered. Clusters are taken first and
elements in the clusters are taken later. The term “primary sampling unit” (PSU) refers to

sampling units that are selected first, which are clusters. The term “secondary sampling unit”

! It was initially called stratified sequential adaptive cluster sampling (SSACS).
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(SSU) refers to sampling units in PSUs, which are elements. It is assumed that researchers need
to select a set of stratified and clustered samples from a rare population and they don’t know
much about the proportions of SSUs over strata in the population. It is also assumed that
researchers already have a list of PSUs although they don’t have a list of SSUs.

As shown Figure 1.1, SICSUP can be implemented in a four-step procedure (Reckase,
Kim, & Ju, 2016).The first step of SICSUP is to determine initial sample sizes for strata based on
available information about the proportions of SSUs over strata in the population.

The second step of SICSUP is contacting PSUs from the list of PSUs which is randomly
ordered and identifying SSUs available from each PSU contacted. If there are any SSUs
available, researchers recruit all of them and include them to the sample. If there is no SSU
available, researchers move on to the next PSU in the list of PSUs. Researchers repeat the second
step until one of the strata reaches the initial sample size.

The third step of SICSUP is updating the initial proportions of elements over strata.
When one of the strata reaches the initial sample size, it becomes possible to update the initial
proportions of SSUs over strata, which might not be accurate, based on the current sample
proportions over strata at this point. Then, the updated sample sizes for strata would be obtained.

The fourth step of SICSUP is contacting PSUs and recruiting SSUs from the PSUs
contacted until all of the strata reach the updated sample sizes. The fourth step is basically the
same as the second step. The difference between the fourth step and the second step is whether
updated sample sizes are used or the initial sample sizes are used. Once a stratum satisfies the
desired number of SSUs, PSUs in that stratum would be ignored when contacting next PSUs in

the list. After the fourth step, a final set of samples would be obtained.
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checking if any stratum reaches the intial
sample size

No lY'es

Updating process:
updated sample sizes for strata

Randomly selecting a cluster

— S ———
"Blank" cluster Non "Blank" cluster
/

Selecting all elements in the cluster and
checking if all strata reach the updated
sample sizes

No lYes

Final set of samples

Figure 1.1 Procedure of SICSUP



1.3 Research Questions
Although previous studies evaluated the performance of SICSUP for rare populations,
they are done before SICSUP was fully developed (Kim, Ju, & Reckase, 2015) or did not
evaluate the entire procedure of SICSUP (Reckase, Kim, & Ju, 2016), excluding the updating
process of SICSUP and stratification. Therefore, it is difficult to determine whether SICSUP is a
viable sample design for rare populations in education. There is a need for evaluating the full
SICSUP procedure. The results would provide guidelines and requirements for the application of
SICSUP to educational surveys, enabling researchers to explore rare populations in education.
A good sample design must provide necessary information with maximum precision for
fixed allowed resources. The objective of this study is to evaluate the performance of SICSUP
with respect to statistical and economic aspects. In terms of statistical aspect, accuracy in
parameter estimation, required sample size to achieve desired precision that results of surveys
should have, and accuracy in group differentiation are examined. In terms of economic aspect,
the number of contacted schools during the sampling procedure in SICSUP as compared to those
in stratified cluster sampling is investigated.
The following research questions need to be addressed:
1. Does SICSUP work as well as stratified cluster sampling regarding parameter
estimation?
2. How can the appropriate sample size for SICSUP be determined?
3. Can the samples from SICSUP determine whether the means of groups are
different from each other?

4. s SICSUP economically more advantageous than stratified cluster sampling?



The four research questions are answered through simulation studies. Chapter 2 reviews
the concept of rare populations, the relationship between SICSUP and existing sampling
techniques, and the features of standard error estimators (e.g., replication methods). Chapter 3
presents details about data generation, simulation designs, and evaluation criteria. The last two
chapters (Chapter 4 and 5) provide the findings from the simulation studies and discuss the
performance of SICSUP and how SICSUP can be used for surveys that aim at rare populations in
education. These two chapters also provide guidelines for applying SICSUP to rare populations

in education.



CHAPTER 2.

LITERATURE REVIEW

This literature review chapter consists of three main sections. The first section briefly
discusses the basic concept and definitions that are used in this dissertation. The second section
explores the types of rare populations and sampling techniques useful for these populations. This
section also explores the relationship between SICSUP and other sampling techniques. The third
section summarizes the features of replication methods for standard error estimation.

2.1  Concepts and Definitions

Different studies on sampling might use different statistical terms to describe the same
concept. In order to avoid confusion due to various statistical terms, this section discusses the
basic concepts and definitions that are used in this dissertation. The concepts and definitions are
based on the three sampling textbooks (Kish, 1965; Murthy, 1967; Thompson, 2002).

A sampling unit, or simply a unit, is an element or a group of elements, on which
observations can be made and for which information is sought. A population is a collection of all
units in a given region. In element sampling (e.g., simple random sampling), each sampling unit
contains only one element; but in cluster sampling, any sampling unit (or primary sampling unit
(PSV)) called a cluster may contain several elements.

In general, for using sample designs, a list, or a frame, of all sampling units belong to the
population is necessary, and such list or frame is termed the sampling frame. The sampling frame
illustrates the distribution of elements over the population.

Surveys aim at estimating population values, which are obtained from all population
elements. A population value is called a parameter. A sample value, or statistic, is an estimate

computed from elements in a set of samples. In this dissertation, “sample mean” denotes the
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sample estimate of the population mean, and “sample standard deviation” denotes the sample
estimate of the population standard deviation. The sampling distribution of an estimate is the
theoretical distribution of all possible values of the estimate. The standard deviation of the
sampling distribution is called the standard error. The squared standard error is called the
variance of estimate.

With respect to symbols, capital letters refer to population values, parameters, and
lowercase letters denote corresponding sample values, estimates. A bar (7) over a symbol denotes
a mean value, and a hat (") over a symbol denotes an estimate. In general, this dissertation uses n
for the number of elements in the sample and N for the number of elements in the population.
However, for stratified cluster sampling (SC), I may use different symbols: m for the number of
elements in the sample and M for the number of elements in the population; n for the number of
clusters in the sample and N for the number of clusters in the population. A value of the variable
of interest in a sample is expressed as y. The symbol of # denotes any parameter such as mean or
standard deviation.

For the purpose of comparison, this dissertation uses SC. It is slightly different from the
stratified multi-stage sampling, which is widely used for national and international studies. SC
can be considered stratified single-stage sampling. In each stratum, clusters are randomly
sampled, and all elements in the clusters are selected. In stratified multi-stage sampling, different
sampling techniques can be applied to each stage. For example, for two-stage sampling, primary
units can be selected with probabilities proportional to size, and secondary units can be selected

using simple random sampling.



2.2 SICSUP and Conventional Sampling techniques
2.2.1 Concept of Rare Population

The development of SICSUP was motivated by facing difficulties in obtaining samples
from rare populations. One may question what rare populations refer to. A rare population
sometimes is defined as a population with a low number of elements. However, there is no
universally accepted definition of “rare” population. Terms such as “elusive” and “hard-to-
detect” populations are also used for rare populations (Kish, 1991).

McDonald (2004) reviewed definitions of a rare population in the field of biology. Rare
populations in biology possess one or more following characteristics: first, the proportion of the
elements in the population is small; second, elements practice elusive or secretive behavior;
third, elements are sparsely distributed over large ranges; fourth, elements practice differently by
time or season; fifth, application of ineffective sampling can make rare populations. Based on the
four characteristics, there are two types of rare populations: rare populations by nature and
operationally rare populations.

Likewise, Riniolo (1999) discussed rare populations when sampling units are individuals
and categorized rare population into five: (1) sparse populations, (2) limited access populations,
(3) persons experiencing an infrequent event (e.g., persons with severe allergic reaction), (4)
those who newly associated with a rare population (e.g., persons with brain injury), and (5)
developmentally uncommon cases (e.g., teenage myocardial infarction patients).

Tourangeau (Tourangeau et al., 2014) discussed hard-to-survey populations mainly in the
fields of psychology, sociology, and business. Some populations are hard to survey in different
ways. The author distinguished hard-to-survey populations into five categories: populations that

are hard to sample, those whose members who are hard to identify, those that are hard to find or
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contact, those whose members are hard to persuade to take part, and those whose members are
hard to interview. A hard-to-sample population is a population without a sampling frame or with
an incomplete sample frame. In the absence of a complete sampling frame, if elements are rare,
representing a small fraction of the larger population, the population can be hard to sample. The
other factor making rare populations to hard-to-sample populations is the cost of screening.
Screening is often used to detect rare elements in the population (for example, a few questions to
identify elements in the larger population). If screening is expensive relative to main survey, it
affects the final data collection from the main survey. Hard-to-sample populations also contain
elusive or mobile populations, such as the homeless and migrant workers. In sum, a rare
population is defined as a population with a small proportion of elements in the larger population
and is a part of hard-to-sample populations and hard-to-survey populations (see Tourangeau et
al., 2014, for the other four categories of hard-to-survey populations).

What kinds of rare populations are there in the field of educational research? Students
with special educational needs are an example of rare populations in education, including deaf
and hard of hearing students (Scott & Hoffmeister, 2016). The U.S. Census Bureau annually
conducts nationwide survey known as the Survey of Income and Program Participation (SIPP) in
order to identifying the American population of persons with hearing loss or deafness including
children (Mitchell, 2006). Such data provide useful information about this rare population.

As the United States population becomes increasingly diverse, there has been growing
interest in immigrant students (Bailey & Weininger, 2002) and bilingual students (Burke,
Morita-Mullaney, & Singh, 2016; Lesaux & Kieffer, 2010). This increase in US bilingual
populations also led federal authority to conduct empirical research on bilingual students

(Greenberg Motamedi, Singh, & Thompson, 2016; Haas et al., 2015).
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Drop-out students are another example of rare populations in educational research
(Kinnunen & Malmi, 2006; Lassibille & Navarro Gomez, 2008). In general, because they
already left schools, researchers experience difficulties in finding them. Information before their
drop-out and indications of drop-out are often used for studies.

There are rare populations including teachers as elements. Novice teachers or beginning
teachers are a rare population because of the low frequency in the larger population (population
of teachers) and their mobility. Various research methods have been applied in order to study
such population of novice teachers (Chubbuck et al., 2001; Westerman, 1991).

Schools can also be a rare population. Lee, Ready, and Johnson (2001) investigated
“schools-within-schools”, which is a type of school reform strategies for U.S. public secondary
school, and in their study, such schools are rare elements in the general population (population of
schools).

2.2.2 Relationship between SICSUP and Existing Sample Designs

A wide variety of techniques has been suggested for dealing with samples from a rare
population such as multipurpose samples, cumulation of a rare population, use of large clusters,
controlled selection, batch testing, two-phase sampling, etc. Among these techniques, Kish
(1985) and Elliott (National Academies of Sciences, Engineering, and Medicine, 2018)
suggested three techniques: (1) creating a list (a frame) of elements, (2) oversampling, and (3)
screening.

Rare populations often lack a list of elements. Creating a list of elements could help
researchers locate rare elements. Network sample designs can be used to build up a list of
elements. In network sampling, a simple random or stratified random sample is selected, and all

the elements linked to the previously selected sample are used to create a list of elements
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(Thompson, 2002). For example, if researchers want to create a list of novice teachers with less
than five years of teaching experience, they take an initial sample of novice teachers. Then, the
sampled novice teachers are asked whether they know any novice teachers. If they know any
novice teachers, the researchers add them to the list of novice teachers.

If it is hard to create a list of elements, oversampling is another approach for sampling
rare populations. In SC, if most of the rare elements are located in a small stratum, the more
samples would be selected from that stratum than from other strata. The last suggested technique
IS screening. Screening may involve a brief interview or short tests to identify rare elements. This
technique can associate with different sample designs. Screening to find rare elements is
practical if proportion of the elements is about 10 or 20 percent of the population.

Adaptive Sampling. Selection procedures in conventional sample designs, such as SRS,
stratified sampling, and cluster sampling, do not depend on observations made during sampling.
However, in some sampling situations, making decisions during sampling process may be
beneficial in order to obtain a set of samples that provides more precise estimates than
conventional sample designs given sample size or cost. For rare populations, researchers often do
not have a complete frame of sampling units before starting the sampling procedure. They can
take advantage of the knowledge in population characteristics that was obtained during the
sampling process and improve accuracy in estimation.

Adaptive sampling refers to sample designs in which the selection procedure may depend
on values of the variables of interest observed during the sampling process (Thompson, 2002).
Therefore, in general, the sample size tends to vary. Adaptive sampling is a general sampling
strategy rather than a specific sample design. Sample designs that employ adaptive strategy can

be consider adaptive sampling, such as adaptive cluster sampling and sequential sampling.
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The family of adaptive sampling tends to estimate population density or abundance and
thus, has been often studied and used in biology (Thompson, 2004). Surveys in educational
research pay more attention to estimating variables of interest than estimating population density.
SICSUP does not specially focus on estimating abundance of elements and can be used for
estimating both of variables of interest and population density. Therefore, SICSUP is more
applicable than adaptive sampling for educational research.

Adaptive Cluster Sampling. Adaptive cluster sampling, introduced by Thompson (1990),
is a sample design that uses adaptive strategy for selection procedure. Thompson (2002)
describes adaptive cluster sampling as follows:

“Adaptive cluster sampling refers to designs in which an initial set of units is selected by
some probability sampling procedure, and whenever the variable of interest of a selected unit
satisfies a given criterion, additional units in the neighborhood of that unit are added to the
sample” (p.319).

Adaptive cluster sampling has a large number of possible designs, and various adaptive
cluster sample designs have been developed based on the basic adaptive cluster sampling:
systematic and strip adaptive cluster sampling (Thompson, 1991a), stratified adaptive cluster
sampling (Thompson, 1991b), two-stage adaptive cluster sampling (Salehi & Seber, 1997),
restricted adaptive cluster sampling (Lo, Giffith, & Hunter, 1997), etc. Although they are
different in terms of selection process or stopping rules, the basic concept of these designs is
selecting additional units in the initial unit’s neighborhood. Also, the total number of units in the
final sample is adaptive. The collection of units is called “network” in adaptive cluster sampling.

Adaptive cluster sampling is advantageous when elements are highly aggregated or

clustered. However, that might not be the case for rare populations in education. For example,
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consider one wants to sample students with special educational needs. If one school contains
such students, it does not mean that the neighboring schools also tend to include students with
special educational needs. Therefore, in general, adaptive cluster sampling may not be very
beneficial for rare populations in education.

Sequential Sampling. Sequential analysis or sequential estimation is a method for testing
statistical hypotheses in which the number of observations is not fixed in advance but depended
on the observations themselves (Wald, 1945). In sequential analysis, every time a sampling unit
is added to the set of samples, hypothesis testing is conducted. This sequential selection
procedure continues until the hypothesis testing produces a significant result. A merit of the
sequential method, as applied to testing statistical hypotheses, is that, on average, the test
procedure requires a substantially smaller number of observations than equally reliable test
procedures based on a predetermined number of observations (Wald, 1947). Sequential
probability ratio test was developed for the purpose of testing statistical hypotheses.

After sequential estimation was introduced, sample designs using the sequential
estimation method have been developed. Haldane’s inverse sampling (1945) is one of them
although it is not under the label “sequential” (Anscombe, 1953). Because there is no sequential
sample design that has been widely studied or used in statistics, the name of “sequential
sampling” is used for different types of sample designs in different fields.

In general, sequential sampling is a type of adaptive sampling and uses sequential
estimation. At each observation in the sampling process, the decision to continue depends on the
data recorded to that point. Data collection continues according to the initial design until the
stopping rule is satisfied. Sequential sampling can be applied with SRS, stratification, or clusters

(Christman, 2004).
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Inverse Sampling. Inverse (binomial) sampling uses adaptive strategy where the sample
size is adaptive in that it depends on the information that is obtained during the sampling
process. Inverse binomial sampling was introduced to select a set of samples from a rare
population (Haldane, 1945). Under conventional sample designs with a fixed sample size, one
may not be able to observe enough number of rare events to produce precise estimates. Inverse
sampling was developed to estimate the frequency of a rare event. Researchers keep selecting
sampling units until certain specified conditions are satisfied (Seber & Salehi, 2012).

Because Haldane’s inverse sampling uses the sequential estimation method, some
scholars use “inverse sampling” and “sequential sampling” interchangeably (Christman, 2004;
Pathak, 1976). The major difference between sequential sampling and inverse sampling is that, in
general, inverse sampling focuses on estimating parameters such as total and mean while
sequential sampling focuses on testing hypotheses.

The similarity among SICSUP, sequential, and inverse sampling is to take samples
sequentially and make decisions during the sampling procedure based on the information
collected to that point. SICSUP is different from sequential and inverse sampling in terms of
what kind of decision to be made. SICSUP makes decisions to adjust sample sizes for strata
while sequential and inverse sampling make decisions to determine a stopping point of selection.

SICSUP is a combination of several sampling strategies: stratification, clustering,
sequential estimation, and updating process. Without stratification and clustering, SICSUP is
similar to Haldane’s inverse sampling. The sampling procedure is continued sequentially until
certain specified conditions are satisfied. In SICSUP, at each point of selection, a decision,
whether any stratum reaches the predetermined sample size (initial sample size or updated

sample size), is made and the decision affects the later selection.
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Sequential estimation and updating process are required because of stratification in
SICSUP. At the beginning of the sampling procedure, the initial sample size for each stratum
might not be proportional to the size of the stratum because of lack of information on the
proportions of elements over strata. When an additional sample is added to the existing set of
samples, researchers check whether there is a stratum that achieved the initial sample size. This
process is related to inverse sampling and sequential estimation. If a stratum satisfies the
required number of samples, sample sizes for strata are updated using the sampling distribution
over strata that was obtained during the sampling process. This updating process is the unique
characteristic of SICSUP as compared to different sample designs.

2.2.3 Replication Method for Variance Estimation

Complex sample designs often involve features such as stratification, multiple stage
sampling, and unequal selection probabilities (Wolter, 1985). Regarding Wolter’s description of
complex sample designs, SICSUP as well as SC can be considered a complex sample design. For
such a complex sample design, unlike a simple sample design, special procedures are needed to
estimate an unbiased or consistent sampling variance of an estimate of a parameter.

There are two procedures to deal with those situations: the Taylor series linearization
method and replication (or resampling) methods (Rutkowski, von Davier, & Rutkowski, 2013).
In recent large-scale surveys, including educational large-scale surveys and assessments,
replication methods have tended to be used more frequently than the Taylor series linearization
method for estimating sampling variance. The major reason for the popularity of replication
methods is that the Taylor linearization method is, in general, mathematically complicated and,

therefore, require significant computation burden as compared to replication methods.
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The idea of subsample replication methods was introduced to simplify variance
estimation for complex sample surveys (Wolter, 1985). In terms of sample variance of means,
the family of replication methods consists in selecting multiple samples from the parent sample;
computing a separate estimate of mean from each sample; and computing the sample variance
among the several estimates. The jackknife method and balanced repeated replication (BRR)
method are commonly used replication methods along with the bootstrap method.

The Jackknife Method. Since 1940’s, various kinds of replication methods have been
developed. The jackknife method, which was introduced by Quenouille (1949), is one of the
most frequently used replication methods. Replicated datasets are typically created by dropping
secondary units from one PSU at time to form a replicate until all PSUs have been dropped from
each stratum (Skinner et al., 1989).

In general, the procedure of the jackknife method is as follows (Lee, Lee, & Shin, 2016;
Wolter, 1985). First, the parent sample is divided into K random groups where K represents the
number of PSUs. Second, all secondary units in the parent sample possess the variable of
interest, and the parameter of the variable is 6. An estimate of 9 based on the parent sample
denotes 8. Third, after deleting the K™ group, the weights of the remaining secondary units are

doubled. With these replicate weights, ék(i) is calculated using the elements in the remaining

groups. Finally, the jackknife estimator of variance is then

~ K—1 ~ ~\ 2
Gjack (0) = 25K, (B — 0)” (2.1)
There are some differences in the jackknife procedures when they are applied to a

stratified cluster sample design (Chen & Shen, 2019; Smith, Srinath, & Battaglia, 2000). In a

stratified cluster sample design, the jackknife procedure is basically identical except that occurs

in each stratum. First, in each stratum h, there are K clusters (or PSUs). After deleting K™ cluster,
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the weights of the remaining elements in stratum h would be doubled to compensate for the

deleted cluster and used to compute a variance estimate. Second, éh(k) is calculated, and there

would be Kj, estimates of 9h(kh) for stratum h. Third, the jackknife estimator of variance is

Ojack (é) = Zilel (K;:)Zf;hl(éh(i) - é)z- (2.2)

A variety of variance estimators based on the jackknife method has been developed. The
jackknife repeated replication (JRR) method was developed by Frankel (1971) who first applied
jackknife procedure to compute sampling variance in complex surveys. The JRR was developed
based on the jackknife estimation procedure and the BRR method. With the BRR method, each
of the replications estimates the variance of the entire sample while, with the JRR method, each
replication estimates the variance contributed by a single stratum (Kish & Frankel, 1974). The
TIMSS and the PIRLS currently use the JRR method to estimate sampling variance.

The major advantages of using the jackknife method are that it is conceptually simple and
provides a precise estimate of sampling variance in general. As compared to the bootstrap
method, it is less computationally intensive. The jackknife method has a limitation when it is
applied to single-stage sample designs. In these sample designs, estimates of sampling variance
of non-smooth statistics, such as median or quantiles, are tend to be unstable. Although this
problem does not occur when multi-stage sample designs are used, it is advised to avoid using
the jackknife method for estimating sampling variance of median or quantiles (Betti, Gagliardi,
& Verma, 2018; Rutkowski, von Davier, & Rutkowski, 2013).

The Bootstrap Method. Bootstrapping, which was introduced by Efron (1979), is a
technique that relies on random resampling with replacement, and the bootstrap method in
statistics is designed to provide information about the population distribution using

bootstrapping. The bootstrap is used in practice for a variety of purposes: estimating statistics on
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a population (e.g., mean and standard deviation); estimating variance of a statistical estimator;
and constructing approximate confidence intervals for parameters of interest (Shalizi, 2016). In
this dissertation, the bootstrap method refers to the method to estimate sampling variance of
means.

The bootstrap method procedure is as follows: first, a resample is drawn from the parent
sample, and a statistic (e.g., mean) is computed; second, after repeating the previous step B

times, B sets of the statistic, 5(3), would be obtained; third, the bootstrap variance is calculated:

Opootsirap (8) = =321 (0) — 0)”, (23)
where 8 is the estimate based on the parent sample.

In SC, n—1 sampling units out of the n elements are selected independently with
replacement within each stratum. Because the selection is with replacement, a sampling unit may
be chosen more than one (Statistics Canada, 2018).

Given sample size of n, there are n" possible sets of samples with replacement.
Calculating a statistic (e.g., mean) from all n" bootstrap samples is basically impossible in
practice, thus, researchers choose a number of bootstrap samples that they use to estimate sample
variance of the statistic.

The bootstrap variance involves two sources of error: an error due to the fact that the
sample size is finite and an error due to the fact that B is less than n". The first source of error
can be correct by multiplying it by (n—1)/n. The second source of error can be reduced by
increasing the number of B. Previous studies have suggested numbers of replications in order to
obtain a reliable estimate using the bootstrap method. Although a minimum number of 200 to
300 for variance estimation was suggested (Efron & Tibshirani, 1993; Hall, 1989), larger B

would be preferred to obtain a reliable estimate.
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As compared to the jackknife method, estimated standard errors using the bootstrap
method tend to be slight smaller (Efron, 1982). While the jackknife method provides unstable
estimates of sampling variance of non-smooth statistics such as median and quantiles, the
bootstrap method is generally work well for these statistics (Ghosh et al., 1984; Riniolo, 1999).
The bootstrap method requires less computational burden as compared to the jackknife method
(Chen & Shen, 2019). The bootstrap method does not work well for the following situations:
correlated data (e.g., time series data), missing data, and data with outliers.

Balanced Repeated Replication and Fay s Adjustment. The balanced repeated replication
method (BRR) involves dropping all elements within a PSU in a stratum, but it does so by
creating half-samples. One PSU from each stratum is selected and its elements are retained,
forming a pseudo-replicate, with the set of remaining PSUs for each stratum forming the
complement replicate (Stapleton, 2008). The principle of the BRR is the following: each of the
two PSUs can provide an unbiased estimate of the parameter of interest of its stratum.

The BRR design assumes that a population of PSUs is able to be grouped into H strata
with two PSUs per stratum. The BRR can thus only be accomplished when the sample design
has been undertaken with the selection of two PSUs from each stratum. In practice, it is hard to
find such populations. If the sample design did not include the selection of two PSUs from each
stratum, similar strata or PSUs can be artificially grouped to obtain such a design (pseudo-strata).
This process of allotting each pair of PSUs into pseudo- and complement replicates is repeated
many times to create a large set of half-replicates.

There is a complication in creating replicates using half of the PSUs because dependent
replicates can produce parameter estimates that are correlated across replicates. In order to obtain

a balanced design, a solution is to balance the formation of replicates by using an orthogonal
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design matrix. A selection of these matrices, sometimes referred to as Hadamard matrices, are
developed and available from Wolter (1985). The BRR provides a way to extract from the
complete set of 2 possible replicates a much smaller subset that gives the very same measure of
sampling error as the full set would.

Using these matrices, a minimal set of K balanced half-samples are created. In order to
obtain a fully balanced design, the number of replicates used needs to be four times greater than
the number of strata (Chen et al., 2007).

For each of the retained PSUs as defined by the design matrix, the sampling weight is
doubled to create a set of replicate weights from which to calculate replicate estimates. For any
given replicate, two times of the sampling weight if the PSU in stratum is retained in the pseudo-
replicate, and the weight is equal to zero otherwise (Rust & Rao, 1996).

Once these sets of replicate weights are created, a conventional analysis is run for each
set of weights, and the standard errors of the parameter estimates are a measure of the variability

across pseudo-replicates

0o () = 21 (B — 5)2, (2.4)
where 8 is the estimated variance using the parent sample, é(k) is the estimated variance based
on the K" replicates, and K is the total number of half-sample replicates. .

With larger datasets, the BRR estimates of variance are seen by some as less
computationally taxing than JRR because they use only half-samples (Rao, Wu, & Yue, 1992;
Rust & Rao, 1996). The replication methods work differently depending on the variable of
interest. For ratio estimates, the jackknife is superior to the BRR or bootstrap (Rao & Wu, 1985)

while for medians, the BRR works better than the jackknife (Kovar, Rao, & Wu, 1988). This

issue in using ratio estimator for the BRR motivated the development of Fay’s method (Dippo,
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Fay, & Morgansein, 1984). When ratio estimator is used, the BRR might produce extremely
large estimates because of zero weighted and double weighted samples. Fay’s idea was to use the
weights of 0.5 and 1.5 instead of 0 and 2 for the half samples within each stratum. Judkins’ study
(1990) supports the Fay’s method is a reasonable compromise between the BRR and the

jackknife for the ratio and the regression coefficient.
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CHAPTER 3.

METHODS

This dissertation evaluates stratified inverse cluster sampling with updating process
(SICSUP) through four research questions (See Section 1.3). The first to third research questions
evaluate SICSUP with respect to statistical aspects and the last research question evaluates
SICSUP with respect to economic aspects. This chapter describes details about the research
methods for answering to the four research questions.

In general, for each research question, the results from SICSUP are compared to the
results obtained from simple random sampling (SRS), stratified cluster sampling (SC), and
SICSUP without updating process (SICS). Results of SRS provide a basis for comparison.
Results of SC are necessary because SICSUP also uses cluster and stratification. Results of SICS
are also necessary in order to examine the effect of updating process. The comparison of SICS
and SC describes the effect of sequential process.

SRS selects n distinct units from the N units in the population with the equal selection
probability for each unit. SC randomly selects n clusters from the N clusters in each stratum in
the population and samples all the units in the n clusters. The procedure of SICS is the same as
the procedure of SICSUP except the updating process.

In this dissertation, the population of novice teachers, who are defined as teachers with
zero to five years of overall teaching experience, serves as the rare population, which is also a
hard-to-survey population. The population of all teachers including novice and non-novice
teachers is called here the general population. Novice teachers are rare and hence, hard to sample
because of two possible reasons. First, in general, mobility or turn-over rate of novice teachers is

higher than veteran teachers (Simon & Johnson, 2015; Smith & Ingersoll, 2004). Even though
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researchers have a frame of novice teachers and know where to find them, they may fail to find
them in the schools where they are supposed to be due to high mobility. Second, in case of
international surveys, some countries may not have data that contain each teacher’s years of
teaching experience. For example, in the United States, it may be hard to identify years of
teaching experience for each teacher whose previous school is in a different state.

Although novice teachers are a rare and hard-to-sample population, at least we know they
are in schools, meaning within clusters. Also, previous studies on the general population support
the usage of stratification at the school level, such as school type, location of school, and source
of funding (OECD, 2017, 2019). Therefore, the rare population of novice teachers with
stratification and clustering would be an appropriate population for the application of SICSUP.

Data generation and analysis were done by using MATLAB R2015b (The MathWorks,
INC., 1984-2015) and R software (R Core Team, 2019).

3.1 Research Question 1

The first research question is about whether SICSUP works as well as SC in terms of
parameter estimation. Simulations were conducted to examine the performance of SICSUP under
the various conditions. It was assumed that when sample size is not small, the updating process
would be beneficial to estimate parameters including mean, standard deviation, and standard
error of the mean, and hence, SICSUP would work at least as well as SC with respect to
precision in parameter estimation.

3.1.1 Data Generation

A data set was generated for simulations, and in order to generate a realistic population as

possible, the Teaching and Learning International Survey (TALIS) 2018 (OECD, 2019) was used

as a basis for generating parameters. The TALIS surveys teachers and school leaders across
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countries about working conditions and learning environment at their schools, and the
questionnaire for teachers includes a question about their years of teaching experience. It is
available to determine whether a participant of the TALIS is a novice teacher or not. The
distribution of novice teachers in schools by strata was used to generate data for simulations.
Specifically, the distribution of novice teachers in Canada was used because, with respect to the
TALIS 2018, Canada is one of the countries that have high proportions of schools with zero
novice teacher, indicating a rare population.

Location of school was used for stratification. The TALIS2018 categorizes schools into
three locales: rural, town, and city. In the Canada data, about 11% of novice teachers are in rural
schools, about 25% of novice teachers are in town schools, and about 64% of novice teachers are
in city schools. The three locales serve as stratification.

The variable of teacher’s self-efficacy in instruction serves as the variable of interest for
simulations. This variable was chosen because, in the TALIS2018, novice teachers in the same
stratum (rural, town, or city) behaved similarly to each other. Stratification, which is one of the
common sampling techniques used in SICSUP, SICS, and SC, is useful and provides precise
estimates of a parameter when values of the variable of interest within each stratum are
homogeneous. The selected variable, teacher’s self-efficacy in instruction, is an appropriate
variable for employing stratification.

A dataset with 2,000 novice teachers in 949 schools was generated. In the data, about
19% of the schools have no novice teacher, and about 17% of the schools have only one novice
teacher. In the TALIS2018, about 7% of schools have more than five novice teachers. To avoid
too complicated data, an adjustment was applied, so the number of novice teachers in school

ranged from zero to five. Additionally, because the TALIS2018 Canada has no school with more
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than three novice teachers in rural area, | added schools with four or five novice teachers to the

generated data. Their proportions are very small, 2.4% and 1.1%, respectively. The generated

data match the TALIS2018 Canada with respect to proportions of novice teachers over strata.

Table 3.1 Number of Novice Teachers per School

] ) Rural Town City
Novice teachers in school
N % N % N %
0 38 23.2 59 20.7 83 16.6
1 52 31.7 55 19.3 59 11.8
2 47 28.7 99 34.7 111 22.2
3 21 12.8 42 14.7 85 17.0
4 4 2.4 19 6.7 91 18.2
5 2 1.2 11 3.9 71 14.2
Total 164 100 285 100 500 100
Table 3.2 Number of Novice Teachers by Location of School
Area N
Rural 235
Town 510
City 1,255
Total 2,000 100.0

Based on these proportions of novice teachers over strata, three sets of the variable of

interest were created: first, uncorrelated data, which have zero correlation between school size

and the variable of interest, teacher’s self-efficacy in instruction; second, mildly correlated data,

which have p = .4; third, highly correlated data, which have p =.7.
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3.1.2 Simulation Design

The simulations were conducted under the three conditions: sample size, type of initial
proportions used, and correlation between the variable of interest and school size. School size
was measured by the number of novice teachers within school. The simulations focus on
examining under which conditions SICSUP would perform well when it is applied to the rare
population of novice teachers.

Four levels of sample size were used: 50, 100, 500, and 1,000. The previous research
(Reckase, Kim, & Ju, 2016) indicated that the selection probability (or inclusion probability) was
changed depending on sample size. As the size of the sample increased, the selection
probabilities of novice teachers in different size schools became similar to each other. When a
sample was half the population size, selection probabilities became equal. That is, when the
target sample size is a half of the population size, there is no selection bias due to clustering.
Regarding the total population size of 2,000, the sample size of 1,000 is a half of the population
size. Thus, the four levels of sample size can examine whether sample size affects accuracy in
parameter estimation.

This dissertation used three types of initial proportions of novice teachers over strata:
initial proportions based on data and two types of informal estimate. To apply cluster sampling
with stratification for surveys, a frame (list) of sampling units is required. If that is not available,
at least one should know the proportions of sampling units over strata and the average number of
sampling units per cluster. This dissertation focuses on the situations when the proportions of
sampling units over strata are unknown before sampling. The situations can be categorized into
three conditions. First, researchers know the true proportions of novice teachers over strata in the

population, called “initial proportions based on data” in this dissertation. Second, although
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researchers do not know the true proportions, they may have an informal estimate of the
proportions in the population. This estimate is based on the proportions of schools over strata,
called “informal estimate based on school proportions”, which may be different from the
proportions of novice teachers over strata. Third, researchers may have another type of informal
estimate. This estimate is based on the assumption that the proportions of novice teachers over

strata are equal to each other, called “informal estimate based on equal proportions.”

Table 3.3 Initial Proportions for Sampling

Proportions of novice teachers over strata

Area Initial proportions Informal est. based on Informal est. based on
based on data school proportions equal proportions

Rural .20 .30 .33

Town .25 .29 .33

City .55 42 .33

In practice, the first informal estimate could happen when the proportions of schools over
strata are the best information available for researchers before starting the sampling procedure.
The second informal estimate assumed that each stratum contains an equal number of novice
teachers in the population. If researchers do not know anything about the proportions of novice
teachers over strata before sampling, taking samples of equal size from strata could happen.

Correlation between the variable of interest and school size, meaning number of novice
teachers within school, was categorized into three: zero, medium, and high (.0, .4, and .7,
respectively). Teachers, including novice teachers, in large schools tend to stay longer in
teaching than those in small schools (Allensworth, Ponisciak, & Mazzeo, 2009; Shin, 1995).
High-quality teachers may find greater opportunities, such as advancement and promotion, in
large schools which have more positions. These teachers are also more likely to leave small

schools because working conditions in small schools are usually worse than those in large
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schools (e.g., heavy teaching and working loads). Additionally, the previous research (Reckase,
Kim, & Ju, 2016) showed that sequential cluster sampling (SICS without stratification) worked
slightly worse in parameter estimation when school size was correlated with the variable of
interest.

To sum, this dissertation considered total 36 conditions (4 sample sizes x 3 types of
initial proportions x 3 levels of correlation). SICSUP, SICS, and SC were used to obtain sets of
samples, and 10 sets of samples were created for each simulation condition.

3.1.3 Variance Estimator

The first research question focuses on estimating mean, standard deviation, and variance
of the mean estimate. In order to estimate variance of the sample mean, o (8), four replication
methods were used: the jackknife, bootstrap, balanced repeated replication (BRR), and the Fay’s
methods. The variance of the sampling distribution of 8 is defined to be

~ ~ A\ 2 ~ ~

52(8) = E [(95 ~E£(9)) ] = 3PS [8s — E(O)]", (3.1)
where 8, is the value of 8 calculated from sample S and P(S) is the selection probability. For
SICSUP, it is difficult to calculate variance directly due to the complex sampling procedure. In
that case, replication methods are used to obtain the variance of 8. The PISA uses the BRR with
Fay’s adjustment (OECD, 2017). The TIMSS uses one variation of the jackknife method, the
jackknife repeated replication (JRR) (Martin, Mullis, & Hooperm, 2016). The NAEP also uses
the jackknife method®. The bootstrap method is also widely used for large-scale surveys
(Statistics Canada, 2018, 2019).

The jackknife method is chosen due to its popularity, simplicity, and relative ease of

computation (Canty & Davison, 1999). The bootstrap method is relatively easy to implement and

2 NAEP Assessment Weighting Procedures. https://nces.ed.gov/nationsreportcard/tdw/weighting/

30



enables researchers to more readily perform design-based analysis (Mach, Dumais, & Robinson,
2005). It also requires less computational burden as compared to other variance estimators (Chen
& Shen, 2019). In bootstrap method, 500 replicates were generated for each simulation
condition.

For BRR and Fay’s methods, pseudo-strata were created. The schools were paired within
the original strata, and each pair served as pseudo-stratum. For the jackknife and bootstrap,
original and pseudo-strata were used for estimation. The BRR and Fay’s methods use Hadamard
matrices to create balanced half-samples. R package “survey” (Lumley, 2020) converts a sample
to a sample with replicate-weights and estimates the standard error based on either of the
jackknife, bootstrap, BRR or Fay’s method. For BRR and Fay’s methods, “survey” uses
Hadamard matrices to create balanced half-samples. In “survey”, users can choose whether to
provide replicate weights or to create them by program, and I let the program create replicate
weights.

3.1.4 Evaluation Criteria
For mean and standard deviation estimates, the mean square errors (MSE) were used to

evaluate accuracy in estimation. The MSE is given by

MSE = é}‘,ffl [6, — E(8)]"= Variance +Bias?, (3.2)
where set is the number of sample sets, 10, 8; is the estimate for each set of samples, and E(é) is
the population parameter, which is the population mean or standard deviation. The MSE is a sum
of the variance of estimates and squared bias of estimates. Smaller MSE indicates a more

accurate estimator. Sample means and standard deviations were estimated with sampling weight

and without sampling weight.
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The purpose of weighting on the data for surveys is to obtain estimates of population
parameters that do not suffer from bias due to the use of a complex sample design (Rutkowski,
von Davier, & Rutkowski, 2013). Sampling weights are basically an inverse of selection
probability.

Sampling weights were applied to each novice teacher with respect to the sample design
used. For simple random sampling, all novice teachers have the equal sampling weight, and it is
given by

Wsgrs = %, (3.3)
where N is the total number of novice teachers in the population, and n is the sample size. For
SC, all novice teachers in the same school in each stratum have the equal sampling weight, and it
is given by

My , Np

_ mp _ My
Wse = o X X —b = —b

Np
X X —.
np mp M np

(3.4)

For each stratum, M, is the total number of novice teachers in stratum h, M is the total
number of novice teachers in the population, Ny is the total number of schools, ny is the number
of schools in the sample, my* is the number of novice teachers from ny, schools, and my, is the
number of novice teachers in the sample, which equals sample size. The right most term in the
equation is equal to 1 because all teachers in the sampled school were added to samples.

For SICSUP and SICS, the following sampling weights were used:

Mh Nh m;;
SICSUP or SICS = ﬁx — X —

: 35
S, (3.5)

For each stratum, My, is the total number of novice teachers in stratum h, M is the total
number of novice teachers in the population, Ny is the total number of schools, ny is the number

of schools in the sample, my, is the number of novice teachers in the school that was selected at
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the end, called “last” school, and my* is the number of novice teachers sampled from the “last”
school. All novice teachers in the same school receive the equal weight except the “last” school.
Novice teachers in the “last” school might be selected randomly depending on the number of
samples obtained before the last school.

In the first research question, standard errors (square root of variance) of each sample
mean were estimated. Estimated bias, relative bias, relative MSE, and confidence interval
coverage probability were used in order to compare the four replication standard error
estimators: the jackknife, bootstrap, BRR, and Fay’s estimators.

The estimated bias of a standard error estimator, o,

Estimated bias = E{o} — oemp (3.6)
is the difference between the average of standard error estimates from the 10 sample means,
E{oc}, and the empirical standard error, oemp. A positive value indicates that the standard error
estimator tends to overestimate the empirical standard error and a negative value indicates that
the standard error estimator tends to underestimate the empirical standard error. A value near
zero is preferred and represents a good standard error estimator. The empirical standard error is
the standard deviation of the 5,000 sample means.

The relative bias of a standard error estimator, o, is given by

Estimated bias __ E{c}—opyp

Rel.Bias =

(3.7)

OEMP OEMP

The relative bias is the estimated bias divided by the empirical standard error. Because
estimated bias can be a negative or positive value, the relative bias can also be a negative or
positive value. The relative bias would be zero when the estimated bias is zero, which is hardly

ever the case in real world. The relative bias expresses the estimated bias as a proportion of the
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empirical standard error. A small absolute value of relative bias is preferred and indicates a good
standard error estimator.

The third criterion is the relative MSE. The relative MSE of the standard error estimator,
o, is given by

1 set - 2
Rel. MSE = MSE _ ser2im10i0kme )” (3.8)

2
OEMP OEMP

where set is the number of the sample sets, 10. The relative MSE expresses the MSE as a
proportion of the squared empirical standard error. Like the relative bias, a small value of
relative MSE is preferred and indicates a good standard error estimator.

Finally, the confidence interval coverage probability is the probability of the 10 samples
for which the estimated 95% confidence interval covers the population mean. The confidence
interval for the sample mean, 7, is given by

Cl =9 % z,,0, (3.9
where z,,, is approximately 1.96, and o is the standard error estimator. It is expected that the
coverage probability would equal the nominal coverage probability of 95%. However, because
10 sets of samples were generated for each simulation condition, the coverage probability can
only be expressed in tenth such as .9 and .8. Therefore, in this study, coverage probability of .9
or higher is preferred and interpreted as a good standard error estimator.

3.2 Research Question 2

The second research question is about how the appropriate sample size for SICSUP can
be determined. The first question asked when a survey is being planned is what sample size to be
used. The larger the sample size is, the better accuracy in estimation can be achieved although
the more likely a hypothesis test will detect a small difference, increasing a probability of

rejecting a null hypothesis. In addition, taking a larger sample requires more resource such as

34



time and cost. A survey should consider the maximum sample error one is willing to accept and
the effect of the sample design on estimation precision so that the sample size for the survey can
be decided.
3.2.1 Data and Simulation Design

Simulation studies are conducted using the same dataset and simulation conditions that
are used in the previous section (the first research question). Each of SICSUP, SICS, and SC
takes 10 sets of samples under the 36 conditions (4 sample sizes x 3 correlations x 3 initial
proportions), and each set of sample provides the standard error of the sample mean. The results
in the previous section (the first research question) indicate that the four replication standard
error estimators such as the jackknife, bootstrap, BRR, and Fay’s estimators work similarly to
each other on average. For the second research question, the standard error for each simulation
condition is obtained by averaging standard errors from the four standard error estimators with
pseudo-strata.
3.2.2 Evaluation Criteria

Design Effect and Sample Size. Before data collection, sample size should be determined
so that the results of the survey could provide a certain degree of precision in estimation. The
sample size is determined by the margin of error, design effect, and confidence level. Complex
sample designs such as SC usually require larger sample sizes than those for SRS in order to
achieve the same level of precision.

The design effect (Deff) is the ratio of the variance of a sample that is from a complex

sample design to the variance of a SRS sample with the same sample size:

o2
Deff = —tompler (3.10)

0" SRS
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The design effect summarizes the effect of various complexities in the sample design
such as clustering and stratification (Kish, 1965). The variance of stratified samples could be
smaller than the variance of SRS samples due to stratification. Therefore, the design effect could
be less than one. For clustered samples, the variance of clustered samples tends to be larger than
the variance of SRS samples due to clustering. Thus, the design effect is typically larger than
one. For stratified clustered samples, the design effect depends on the effect of stratification and
clustering.

The required sample size, n, for the survey is a product of sample size for SRS and design
effect and is given by

N = nsgs X Deff, (3.11)
where nsgs is the sample size for SRS. The required sample size for a complex sample design, n,
and nggrs can produce estimates at the same level of precision. For example, if a design effect is 2
and nggrs is 100, samples of 200 from the complex sample design are required in order to obtain
the results as precise as those from 100 SRS samples.

One of the simulation conditions used in this study is the different levels of sample size,
ranged from 50 to 1,000. The design effect is computed for each level of sample size and used
for calculating sample sizes for SICSUP, SICS and SC. The calculated sample sizes of SICSUP,
SICS, and SC provide the same estimation precision as the given sample size of SRS would. It is
expected that, under the same simulation condition, as the sample size increases, the design
effect decreases. Thus, the difference in sample size between SRS and the three complex sample

designs (SICSUP, SICS, and SC) would decrease.
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Under the various simulation conditions, required sample sizes for SICSUP are mainly
compared to those for SC. Small difference in sample size between SICSUP and SC indicates
that SICSUP is as effective as SC.

Margin of Error and Sample Size. A margin of error is another factor for determining
sample size. A margin of error refers to a limit of accuracy of a sample estimate (Agresti &
Finlay, 2009). In other words, it shows how many points the results can be differ from the
population parameter. To determine sample size, researchers should decide on the margin of
error desired. The margin of error of an estimate is the maximum likely estimation error expected
when the sample statistic is used as an estimator (Peck, 2014). In this study, the sample statistic

is mainly the sample mean. The margin of error is

ME = ZQ/QX\/% =1.96 X\/%, (312)

where ¢ is the population variance and n is the sample size. With a conventional 95%
confidence level, 1.96 is used for z,, If the margin of error for the mean is d at a 95% confidence
level, 95% sample means fall within the population mean plus or minus d.

Given the margin of error (ME), population variance (a?), population size (N), and a
95% confidence level, the necessary sample size for SRS, nsrs, can be obtained by the following

formula (Thompson, 2002):

1 1
Nsps = gz 1 N (3.13)
7202 T ﬁ no N
where
220'2
ng = MEZ"

In the dataset used for this research question, the population means are 12.37, 12.27, and
12.23 for uncorrelated data (p = .0), mildly correlated data (p = .4), and highly correlated data (p
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=.7), respectively; the population standard deviations are 1.94, 2.05, 2.16 for uncorrelated data
(p = .0), mildly correlated data (p = .4), and highly correlated data (p =.7), respectively.
Considering the standard deviations, the five levels of margin of error were examined, from .1 to
5.

Table 3.4 presents the required sample sizes given the level of margin of error. For the
population used in the second research question, the margin of error of .1 might require too many
samples considering that the design effects are between 1 and 3. Given the margin of error, .1, if
the design effect is 3, the required sample sizes (3 times the last column in Table 3.4) would be
2,520, 2,685, and 2,829 for p =.0, p= .4, and p =.7, respectively. These sample sizes are larger
than population size of 2,000, and then, it is impossible to achieve the margin of error of .1 in

this population. The lowest margin of error that can be obtained in this population is examined.

Table 3.4 Margin of Error and Required Sample Size for SRS

Margin of Error

o

0.5 0.4 0.3 0.2 0.1
p=.0 56 87 149 307 840
p=.4 63 96 165 337 895
p=.7 69 106 180 365 943

The sample sizes for SICSUP, SICS, and SC are computed based on the margin of error
and sample sizes for SRS in Table 3.4. This study investigates whether SICSUP needs more
samples than SC in order to achieve a given margin of error. If the required sample size for
SICSUP is similar to that for SC, SICSUP can be considered as effective as SC.

3.3 Research Question 3
The third research question is about whether samples from SICSUP can determine group

differences. The overall state rankings or country rankings compared with others are one of the
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headline findings form national or international large-scale surveys and assessments in education
(OECD, 2016). Education authorities and policy makers have paid great attention to rankings
that provide information for their benchmarking tools to help develop educational strategies
(Downing & Ganotice Jr., 2016). For the general public, such as parents and students, rankings
also provide information about student’s relative performance as compared to those in other
states or countries. There is strong media interest in rankings because they are clear and easy to
understand. Although results should not be interpreted naively and are often abused, state and
country rankings are one of the most influential results from national and international surveys
and assessments.

In this section, it is assumed that one would like to conduct an international survey in
order to compare the rank order position of a country with the positions of other countries.
Simulation studies are conducted to examine whether, in such situation, SICSUP would perform
as well as SC, which has been frequently used for international surveys.

3.3.1 Data Generation

Like the first research question, the TALIS2018 (OECD, 2019) was used to generate
datasets for the simulation studies. The data generation procedure here is basically the same as
the one in the previous section.

Five countries were selected in the TALIS2018: Brazil, Canada, New Zealand, Portugal,
and Taiwan. These five countries were selected because they have relatively higher proportions
of schools with no novice teacher. In other words, novice teachers are rare in their countries as
compared to other countries in the TALIS2018. The percentages of schools with no novice
teacher are about 60% for Portugal, 31% for Brazil, 24% for Canada, 23% for Taiwan, and 20%

for New Zealand.
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Table 3.5 provides the summary of the five generated datasets. Although the generated
datasets are based on the distributional information of the five countries, they are simulated
datasets rather than real datasets. Therefore, in this dissertation, country 1, country 2, country 3,
country 4, and country 5 refer to the datasets based on Portugal, Brazil, Canada, Taiwan, and
New Zealand, respectively.

For each of the five countries, a population of 10,000 novice teachers was generated. In
this research question, the variable of teacher’s job satisfaction with profession was considered
the variable of interest. The second and third columns in Table 3.5 present the means and
standard deviations of the variable of interest in the generated populations. In the simulations, the

population means are estimated by samples of SICSUP, SICS, and SC.

Table 3.5 Summary of the Generated Data by Countries

Country Mean SD Total NT Total School % Sch. with No NT Max NT*
Country 1 12.37 2.29 10000 162000 60.6 5
Country 2 11.31 2.06 10000 6222 31.8 9
Country 3 11.46 2.06 10000 5368 25.5 8
Country 4 11.70 1.75 10000 4950 23.8 12
Country 5 11.92 2.03 10000 4299 21.1 11

*Note: maximum number of novice teachers (NT) in a school

In the TALIS2018, the five countries used one or more stratification variables at the
school level. The stratification variables were selected based on the stratification variables that
were used in the TALIS2018 (OECD, 2019). In the TALIS2018, country 4 (Taiwan) used two
types of stratification variables, such as location of school and source of funding. One of the
strata had a very small fraction in the population (about 1.4%). This stratum was excluded in the

generated population.
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Table 3.6 Stratification Variable by Country

Country Stratification variable Level  Description
Country1  School location 4 (1) village, hamlet or rural area, (2) small
town, (3) town, and (4) city

Country 2 Source of funding 2 (1) public school and (2) private school

Country 3 School location 3 (1) rural, (2) town, and (3) city

Country4  School location and 5 (Rural, town, and city) x (Public school and
source of funding private school)*

Country5  School size measured 5 (1) under 250, (2) 250-499, (3) 500-749, (4)
by number of enrolled 750-999, and (5) 1000 and above

students

*Note: private schools in rural area were excluded from the population due to very small proportion in the
population (about 1.4%)

3.3.2 Simulation Design
For each country, the population mean (or country mean) is estimated. Given the margin
of error (ME), population variance (¢2), population size (N), and a 95% confidence level, the

necessary sample size for SRS, ngsgrs, can be obtained by the following formula (Thompson,

2002):
_ 1 1
Ngps = Zizz +%— %+% (3.14)
where
z2g2
Mo = Yy

Based on the formula above, the required sample sizes for SRS given the levels of margin
of error were calculated for each country (see Table 3.7). Although design effects of SICSUP,
SICS, and SC for the five populations are not known, one may assume that the design effects are
less than three considering the results of the second research question. Therefore, the sample
sizes for SICSUP, SICS, and SC would be about three times larger than the sample sizes in Table

3.7. In order to achieve the margin of error, .1 for all five countries, around 5,000 samples (1679
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x 3 =5037) seem to be needed, which is a half of the population size of 10,000. About 1,500
samples are desired for the margin of error, .2, about 660 samples for the margin of error, .3, and
380 samples for the margin of error, .4. In this study, the sample size of 600 was chosen and it
would give margin of errors slightly larger than .3 for country 1and less than .3 for the other

countries, if the design effect is three.

Table 3.7 Required Sample Size for SRS by Margin of Error and Country

Margin of Error

Country 05 0.4 0.3 0.2 0.1
Country 1 80 125 219 480 1679
Country 2 65 101 178 391 1400
Country 3 65 100 177 390 1397
Country 4 63 98 174 382 1371
Country 5 47 73 129 286 1054

Two types of initial proportions of novice teachers over strata were used for simulations:
initial proportions based on data and informal estimate of the population proportions based on
school proportions. For each country, 10 sets of samples were taken and the results from the 10
sets of samples were averaged and reported.

3.3.3 Evaluation Criteria

The population means of the five countries are estimated using SICSUP, SICS, and SC
samples. For each sample mean, standard error is also estimated using the jackknife estimator
with original strata and the BRR estimator with pseudo-strata. The results from the first research
question suggest that, on average, they work slightly better than the other estimators in SICSUP.
Based on the results of the 10 sets of samples, 95% confidence interval coverage probability is
investigated. The preferred values are .9 and 1.0 considering the number of sample sets, which

cannot provide probabilities in hundredth.
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The five countries are ranked in descending order of the sample means based on the
samples from SICSUP, SICS, or SC, and the rankings are compared to those based on the
population means. Four types of rank order are examined: country rankings based on each of the
sample designs and country rankings based on a combination of SICSUP and SC.

National or international large-scale surveys and assessments often use different sample
designs regarding the situations of the participating states or countries. For example, the overall
sample design for the TALIS2018 was a stratified two-stage probability sample design (OECD,
2019). Stratification was applied based on the situation of each country. Geography, source of
financing, type of educational program, and school size were used as stratification variables. In
the case of the PISA, there were countries that used a three-stage design while the overall sample
design was a two-stage design (OECD, 2017).

Country 1, 4, and 5 take samples using SICSUP while country 2 and 3 do it using SC.
Country 1 has the rarest population in terms of number of schools with no novice teacher. Only
40% of schools contain at least one novice teacher. One of the strata in country 4 and 5 has a
very small fraction: 8% in country 4 and 6% in country 5. It is expected that SICSUP would
work well under these situations as compared to SC.

Based on the population means, country 1 has the highest mean, followed by country 5,
4, 3, and 2. The rankings estimated by samples of SICSUP, SICS, and SC are compared to the
rankings based on the population means.

3.4  Research Question 4

The last research question evaluates the economic aspect of SICSUP as compared with

that of SICS and SC. What is a good sample design? What are the optimal characteristics of a

sample design? It is often said that a good sample design can achieve a fixed level of precision
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with the least amount resources used such as cost and time. This description contains two aspects
of good sample designs: statistical and economic aspects. The previous three research questions
evaluate SICSUP with respect to statistical aspect. The last research question evaluates SICSUP
in terms of economic aspect.

Drawing samples from a rare population often causes difficulties with respect to resource
consumption because sampling units are hard to locate. If researchers take samples from a rare
population using a conventional sample design, such as cluster sampling or multi-stage sampling,
they would see a large proportion of units that do not satisfy the selection criterion. Based on the
data used in this dissertation, if one draws schools from the population, there would be a large
portion of “blank™ schools in the selected schools, meaning schools with no novice teacher.
Usually less resources, such as time and cost, are associated with observing a school with no
novice teacher than observing a school with at least one novice teacher. Schools with no novice
teacher are discarded without administering the survey, so the amount of resources used for such
schools is less than for schools with at least one novice teacher. However, drawing schools still
spends some resources regardless whether they are added to the final set of samples or not. For
example, obtaining approval and cooperation of schools often takes time and cost. One
advantage of SICSUP over conventional SC is that it can reduce the frequency of meeting such
“blank” schools because of the sequential selection process. Therefore, SICSUP is expected to be
more economical than SC.

3.4.1 Data and Simulation Design

To address the last research question, the generated data for the first and third research

questions are used. SICSUP, SICS, and SC are used to draw samples from the populations, and

the number of schools that are contacted during the sampling procedure and the number of
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schools that are included in the final set of samples are examined. For the dataset from the first
research question (dataset 1), different levels of sample size are applied including sample sizes of
50, 100, 500, and 1,000. For the dataset from the third research question (dataset 2), five
different countries are examined given the sample size of 600.

For both of the datasets, the results are reported by strata in addition to the results based
on the whole samples. In some situations, the resources required to conduct a survey may be
different between strata. For example, travel cost is proportional to the distance. If location of
school such as rural, town, and city is used as stratification, surveying samples in rural schools
might be more expensive than those in city schools because the distance between rural schools
tends to be greater than the distance between city schools. If SICSUP can achieve a
predetermined sample size of novice teachers in rural area, which may require more resources
than other strata, with fewer schools contacted as compared to SICS or SC would, SICSUP is
more economic than the others.

For each dataset, 500 sets of samples are taken and the averaged results are reported in
the result chapter.

3.4.2 Evaluation Criteria

The economic aspect of SICSUP are measured by the number of schools that are
contacted during the selection process (n*). These contacted schools consist of two types of
schools: schools without novice teacher and schools with at least one novice teacher. The former
is discarded without administering a survey, and the latter is added to the final sample set of

novice teachers. This can be expressed by

* __
N = Ngchools wit hout novice teace her + Nschools with at least one novice teac her - (315)
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Considering that the numbers of schools in the final set of samples are similar regardless
of sample design, as the total number of contacted schools increases, the frequency of seeing
“blank” schools during the selection process also increases. This can be considered less
economical. The ratio of the number of schools in the final sample set to the number of contacted
schools is used as the evaluation criterion. The value of 1 indicates that researchers did not meet
any “blank” school during the sampling process. All of the contacted schools have at least one
novice teacher and are added to the final set of samples. With smaller value, researchers more
frequently met “blank” schools and hence, used more resources. The value of 0 indicates that all
contacted schools are with no novice teacher, and researchers failed to sample any novice teacher
through the sampling procedure. The value close to 1 suggests an economic sample design.

The ratio must be interpreted with the number of contacted schools or the number of
schools in the final sample set because the ratio provides only relative information. For example,
consider that , given a sample size, in SICSUP, the number of contacted schools and the number
of schools in the final sample set are 10 and 9, respectively; in SC, the numbers are 20 and 18,
respectively. Both of the cases provide the ratio of .9, but one cannot say that they are equally
economical because SICSUP used fewer schools to achieve the given sample size than SC did.

The ratio of two sample designs is also used in order to evaluate the performance of

SICSUP; (1) the ratio of the number of contacted schools in SICSUP (n¢;-syp ) to those in SC

néc — the ratio of the number of contacted schools in to those in
(nic) ”S;CSUP (2) th f th ber of d schools in SICSUP to th SICS
SC

N*SICSUP
n*sics

(ngcs)s ; and (3) the ratio of the number of contacted schools in SICS to those in SC,

"n*si. The first ratio shows the effect of the updating process and sequential selection on the
*sC

number of contacted schools, the second describes the effect of the updating process, and the

third reveals the effects of the sequential selection. For each ratio, the smaller the value, the

46



greater the effect of the updating process, sequential selection, or both upon the number of
contacted schools during the sampling procedure.

In addition to the two types of ratios, the probability of using substitute schools in SC is
investigated. In this study, it is assumed that all sampled novice teachers participate in the
survey, and using substitute schools only occurs when the novice teachers in the selected schools
did not reach the predetermined sample size. Although it does not directly give information to
evaluate the performance of SICSUP, the probability shows how SC works inappropriately in the

rare population of novice teachers.
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CHAPTER 4.

RESULTS

This chapter summarizes the results of the analyses organized into four sections
corresponding to the four research questions described in Chapter 1. The first two sections report
the results of the simulation studies that investigated the level of precision in estimating
population parameters under various conditions. The third section also presents the results of the
simulation studies that examined another statistical aspect of SICSUP. Unlike the first two
sections, that assumed a national survey, the third section focuses on the application of SICSUP
to international surveys. The last section focuses on the evaluating SICSUP in terms of
economic aspect rather than statistical aspect.

Throughout the chapter, n represent a sample size, p represents a correlation coefficient
between school size and the variable of interest. SICSUP refers to stratified inverse cluster
sampling with updating process, SICS to stratified inverse cluster sampling without updating
process, and SC to stratified cluster sampling. A symbol of ¢ represents a type of standard error
estimator, and its subscripts denote a simulation condition: o; = jackknife standard error
estimator, og = bootstrap standard error estimator, cr = BRR standard error estimator, or = Fay's
standard error estimator, oy; = jackknife standard error estimator using SICSUP samples, c);=
jackknife standard error estimator using SICS samples, os; = jackknife standard error estimator
using SC samples,  oug = bootstrap standard error estimator using SICSUP samples, o5 =
bootstrap standard error estimator using SICS samples, osg = bootstrap standard error
estimator using SC samples, our = BRR standard error estimator using SICSUP samples, oir =

BRR standard error estimator using SICS samples, osg = BRR standard error estimator using SC
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samples, oyr = Fay's standard error estimator using SICSUP samples, o, = Fay's standard error
estimator using SICS samples, and  ose = Fay's standard error estimator using SC samples.
4.1 Research Question 1

The first research question is about whether SICSUP works at least as well as SC with
respect to estimating population mean, standard deviation, and standard error (square root of
variance) of the sample mean. For mean and standard deviation estimation, the mean squared
errors (MSE) are reported in order to examine the estimation precision. For standard error
estimation, estimated bias, relative bias, relative MSE, and 95% confidence interval coverage
probability are reported for each simulation condition.
4.1.1 Mean and Standard Deviation

Mean. Table 4.1 shows the MSEs of the sample means and standard deviations in SRS. In
both of sample means and standard deviations, as the sample size increases, the MSE decreases.
This pattern stays the same regardless of correlation: no correlation between school size and the

variable of interest (p = .0), mild correlation (p = .4), and high correlation (p = .7).

Table 4.1 MSE of the Mean and Standard Deviation Using SRS Samples

n p Mean SD

50 0.0 0.07 0.02
50 0.4 0.11 0.01
50 0.7 0.04 0.05
100 0.0 0.03 0.03
100 0.4 0.02 0.03
100 0.7 0.04 0.04
500 0.0 0.00 0.00
500 0.4 0.01 0.00
500 0.7 0.00 0.00
1000 0.0 0.00 0.00
1000 0.4 0.00 0.00
1000 0.7 0.00 0.00
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Table 4.2 MSE of Mean Using SICSUP, SICS, and SC Samples

Weighted Unweighted
n p  SICSUP SICS SC| SICSUP SICS SC
Initial Proportions Based on Data
50 0.0 0.29 0.12 0.17 0.21 0.14 0.14
50 0.4 0.34 0.40 0.29 0.31 0.24 0.21
50 0.7 0.59 0.26 0.20 0.48 0.21 0.11
100 0.0 0.12 0.11 0.10 0.12 0.11 0.10
100 0.4 0.12 0.17 0.13 0.09 0.18 0.12
100 0.7 0.08 0.20 0.16 0.03 0.17 0.13
500 0.0 0.03 0.02 0.01 0.03 0.01 0.01
500 0.4 0.02 0.05 0.02 0.02 0.04 0.01
500 0.7 0.05 0.02 0.02 0.03 0.01 0.01
1000 0.0 0.01 0.00 0.01 0.01 0.00 0.01
1000 0.4 0.01 0.01 0.02 0.01 0.01 0.01
1000 0.7 0.02 0.02 0.02 0.01 0.01 0.01
Informal Estimate Based on School Proportions
50 0.0 0.07 0.19 0.46 0.09 0.10 0.27
50 0.4 0.42 0.15 0.33 0.31 0.09 0.25
50 0.7 0.42 0.30 0.25 0.25 0.26 0.18
100 0.0 0.18 0.06 0.12 0.15 0.03 0.08
100 0.4 0.18 0.12 0.12 0.12 0.09 0.09
100 0.7 0.14 0.06 0.18 0.13 0.02 0.14
500 0.0 0.01 0.02 0.02 0.01 0.02 0.01
500 0.4 0.02 0.02 0.03 0.01 0.01 0.02
500 0.7 0.03 0.02 0.04 0.02 0.01 0.03
1000 0.0 0.01 0.01 0.00 0.01 0.00 0.00
1000 0.4 0.00 0.01 0.01 0.00 0.01 0.01
1000 0.7 0.02 0.01 0.01 0.01 0.01 0.01
Informal Estimate Based on Equal Proportions
50 0.0 0.10 0.25 0.11 0.09 0.17 0.14
50 0.4 0.31 0.29 0.22 0.26 0.23 0.14
50 0.7 0.39 0.48 0.23 0.33 0.28 0.36
100 0.0 0.15 0.15 0.07 0.05 0.12 0.08
100 0.4 0.14 0.15 0.11 0.07 0.08 0.06
100 0.7 0.13 0.14 0.12 0.07 0.07 0.05
500 0.0 0.01 0.01 0.04 0.02 0.02 0.01
500 0.4 0.02 0.02 0.03 0.01 0.06 0.03
500 0.7 0.03 0.02 0.05 0.04 0.02 0.01
1000 0.0 0.01 0.01 0.01 0.01 0.00 0.00
1000 0.4 0.01 0.00 0.01 0.00 0.01 0.01
1000 0.7 0.01 0.01 0.01 0.01 0.01 0.01
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Table 4.2 shows the MSEs of the sample means using the samples from three different
sample designs: SICSUP, SICS, and SC. Weighted means and unweighted means were estimated
under each simulation condition. The MSEs in SICSUP, SICS, and SC are greater than those in
SRS when sample size is not large (n < 100). The MSEs in SRS are between .02 and .11 while
those in the three sample designs are between .02 and .59. However, with medium to large
sample sizes (n > 500), the MSEs in the three sample designs are very similar to those in SRS.
That indicates that the sample means based on the three sample designs are almost as accurate as
the sample means based on SRS. That also shows that SICSUP works as well as SC with
medium to large sample sizes.

Under the simulation condition of initial proportions based on data and small sample size
(n <100), the updating process of SICSUP is not helpful to estimate the population mean as
compared to the results in SICS and SC. For both of weighted and unweighted sample means,
given the sample size of 50, the MSEs in SICSUP are larger than those in SICS and SC in
general. For example, under the condition of no correlation (p = .0), the MSEs in SICSUP are .29
for the weighted mean and .21 for the unweighted mean while the MSEs in SC are .17 for the
weighted mean and .14 for the unweighted mean.

When the sample size is small, the updating process of SICSUP might not be able to find
the true proportions of novice teachers over strata in the population. The updating process relies
on the samples that were collected to this point. Therefore, the number of samples that would be
used for the updating process (n;) is smaller than the predetermined sample size (n), expressed
by n = n; + ny, where n; is the number of novice teachers who are sampled after the updating
process. For example, given the sample size of 50, the updating process relies on samples less

than 50. Because of the small number of samples that are used for the updating process, the
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updated proportions of novice teachers over strata might be different from those in the
population. If researchers already know the true proportions (the proportions in the population)
before the sampling procedure, the updating process is not necessary and thus, could not be able
to increase accuracy in parameter estimation. Therefore, the MSEs in SICSUP are larger than
those in SC when sample size is small. As the sample size increases, the updating process can
provide proper information about the proportions of novice teachers over strata, and the MSEs in
SICSUP and SC become similar to each other.

An interesting finding is that even with small sample size (n = 50), under the condition of
p = .0 and either of informal estimates of the proportions used, SICSUP works better than SC in
terms of MSE. Although the updating process with small sample size may not be helpful for
parameter estimation, if researchers do not know the true proportions over strata, the updating
process at least provides some useful information about the proportions. Therefore, SICSUP
could produce better estimates than SC.

As shown in Figure 4.1, empirical selection probabilities (selection probabilities based on
5,000 sets of samples) in SICSUP indicate that, in general, when the sample size is small (n =
50), schools with more than one novice teachers have a slightly higher chance of being sampled
than schools with one novice teacher. As the sample size increases, the selection probabilities
become almost equal regardless of school size. This could influence accuracy in estimation
especially under the simulation condition of p > .0. Under the condition of p > .0, large schools
tend to have higher means than small schools because school size and school mean are positively
correlated. In SICSUP as well as SICS, the MSEs under the condition of p > .0 and n =50 are

greater than those under the condition of p = .0 and n = 50.
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Figure 4.1 Empirical Selection Probability for n=50 (left) and n=1,000 (right) Using SICSUP

When researchers have initial proportions based on data, with p = .0, the MSEs in SICS
are similar to those in SC rather than those in SICSUP. This is because of the similarity in
sampling procedure between SICS and SC under such condition. Both of them use stratification,
clusters, and fixed sample sizes for strata. The only difference is the selection method when the
selected schools have more novice teachers than required. In SICS, all novice teachers would be
sampled in contacted schools except those in the lastly contacted school. For example, given the
sample size of 50, consider that a researcher has collected 49 samples so far. The next contacted
school has two novice teachers while the required number of novice teachers from that school is
only one. In that case, the researcher would pick one out of the two novice teachers. In SC used
in this dissertation, all two novice teachers in that school are once sampled and later, one novice
teacher is removed randomly from the whole sample of 51. Except this difference, the sampling
procedure between SICS and SC is similar to each other, that may lead the similar MSEs

between the two sample designs under the condition mentioned above.
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Taking all of results together, there are four main findings. First, as the sample size
increases, the MSEs in SICSUP, SICS, and SC decrease and become close to those in SRS.
Second, SICSUP works as well as SC when sample size is not small (n >500). Three, the
updating process of SICSUP may not be beneficial to estimate the population mean accurately
with small sample size and correlated data (p > .0). However, if researchers do not know the true
proportions of novice teachers over strata before the sampling procedure, under the condition of
p = .0, SICSUP could be helpful even though the sample size is small. Finally, SICS works
similar to SC under the condition of initial proportions based on data and p = .0.

Standard Deviation. Table 4.3 gives the MSEs of the sample standard deviations.
Weighted standard deviations and unweighted standard deviations were estimated using the three
sample designs: SICSUP, SICS, and SC.

Like the sample means, the MSEs in SICSUP, SICS, and SC are greater than those in
SRS when sample size is not large (n < 100). The MSEs in SRS are between .01 and .05 while
those in the three sample designs are between .03 and .27. However, with medium to large
sample sizes (n > 500), the MSEs in the three sample designs are similar to those in SRS. That
indicates that the sample standard deviations based on the three sample designs are as accurate as

those based on SRS.
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Table 4.3 MSE of Standard Deviation Using SICSUP, SICS, and SC Samples

Weighted Unweighted
n p  SICSUP SICS SC| SICSUP SICS SC
Initial Proportions Based on Data
50 0.0 0.27 0.10 0.07 0.19 0.11 0.06
50 0.4 0.15 0.15 0.15 0.10 0.15 0.10
50 0.7 0.07 0.07 0.12 0.05 0.06 0.10
100 0.0 0.04 0.05 0.06 0.05 0.03 0.04
100 0.4 0.07 0.05 0.03 0.07 0.04 0.03
100 0.7 0.07 0.06 0.16 0.06 0.03 0.10
500 0.0 0.01 0.01 0.01 0.00 0.01 0.01
500 0.4 0.01 0.01 0.01 0.01 0.01 0.01
500 0.7 0.01 0.02 0.02 0.00 0.01 0.01
1000 0.0 0.01 0.01 0.00 0.00 0.00 0.00
1000 0.4 0.00 0.00 0.00 0.00 0.00 0.00
1000 0.7 0.01 0.00 0.01 0.00 0.00 0.00
Informal Estimate Based on School Proportions
50 0.0 0.24 0.10 0.12 0.17 0.05 0.11
50 0.4 0.26 0.18 0.12 0.18 0.14 0.08
50 0.7 0.09 0.10 0.16 0.05 0.09 0.13
100 0.0 0.03 0.11 0.08 0.03 0.06 0.05
100 0.4 0.03 0.06 0.04 0.03 0.05 0.03
100 0.7 0.08 0.06 0.07 0.06 0.04 0.06
500 0.0 0.01 0.02 0.01 0.01 0.02 0.01
500 0.4 0.01 0.01 0.01 0.01 0.01 0.01
500 0.7 0.03 0.03 0.01 0.01 0.02 0.01
1000 0.0 0.00 0.00 0.00 0.00 0.00 0.00
1000 0.4 0.00 0.00 0.00 0.00 0.00 0.00
1000 0.7 0.01 0.01 0.01 0.01 0.01 0.01
Informal Estimate Based on Equal Proportions
50 0.0 0.03 0.07 0.13 0.04 0.06 0.12
50 0.4 0.12 0.10 0.08 0.12 0.09 0.05
50 0.7 0.17 0.22 0.10 0.13 0.10 0.07
100 0.0 0.10 0.09 0.09 0.07 0.03 0.02
100 0.4 0.07 0.05 0.08 0.09 0.04 0.02
100 0.7 0.12 0.09 0.12 0.12 0.06 0.03
500 0.0 0.01 0.01 0.02 0.02 0.02 0.02
500 0.4 0.02 0.01 0.02 0.01 0.02 0.01
500 0.7 0.01 0.01 0.02 0.02 0.01 0.01
1000 0.0 0.00 0.00 0.00 0.00 0.00 0.00
1000 0.4 0.00 0.00 0.01 0.00 0.01 0.00
1000 0.7 0.00 0.00 0.00 0.01 0.01 0.01
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The MSEs of the sample standard deviations show a similar pattern to those of the
sample means. SICSUP works as well as SC in terms of MSE except when the sample size is
very small (n = 50). Regardless of type of initial proportions and correlation, when the sample
size is not very small (n > 100), the MSEs in SICSUP are not very different from those in SC for
both of the weighted and unweighted sample standard deviations.

The greatest difference in MSE between SICSUP and SC occurs under the condition of
initial proportions based on data, n = 50, and p = .0. On the other hand, under such condition, the
difference between SICS and SC is not that great, showing the effect of sequential selection.
These differences indicate that the updating process does not work well under the condition
mentioned above. However, even under the condition of small sample size (n = 50) and p = .0,
when informal estimate based on equal proportions is used, SICSUP works better than SC. The
updating process provides at least some useful information about the proportions of novice
teachers over strata when researchers don’t know the true proportions. These results here agree
with those in the previous section (mean estimation).

In SICSUP, the MSEs of the sample means under the condition of p = .0 tend to be
smaller than those under the condition of p = .4 or .7. However, that is not the case in the sample
standard deviations. There are some cases that the MSEs of the sample standard deviations under
p = .4 or .7 are smaller than those under p = .0. For example, under the condition of initial
proportions based on data, n = 50, and weighted samples, the MSE when p = .0 is .27; the
corresponding value when p = .7 is .07.

In SICSUP, with small sample size of 50, schools with more than one novice teacher tend
to have a higher chance of being selected than schools with one novice teacher (see Figure 4.1).

When p > .0, large schools tend to have higher school means than small schools have. These two
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factors may make MSEs small when p > .0 and n = 50 as compared to when p = .0 and n = 50.
Under the former condition, in each SICSUP sample set, schools are similar in size, and school
means are similar to each other (less spread out). Therefore, sample standard deviations in the
sets of samples would be also similar to each other. This might reduce the MSEs, which refer to
a sum of the variance of the estimates and squared bias of the estimates.

Like the mean estimation, under the condition of initial proportions based on data and p =
.0, the MSEs in SICS are similar to those in SC rather than those in SICSUP because of the same
reason as | mentioned in the previous section, which is the similarity in sampling procedure
between the SICS and SC under such condition.

The MSEs of the sample standard deviations show a similar pattern to those of the
sample means. Taking all of the results together, there are four main findings. First, as the
sample size increases, the MSEs in SICSUP, SICS, and SC decrease and become close to those
in SRS. Second, SICSUP works as well as SC when sample size is not very small (n > 100).
However, under the condition of small sample size (n = 50), p = .0, and informal estimate based
on equal proportions, SICSUP works better than SC. Third, there are some cases that the MSEs
of the sample standard deviations when p > .0 are smaller than those when p = .0. Finally, SICS
and SC works similarly to each other under the condition of initial proportions based on data and
p=".0.

4.1.2 Standard Error of the Sample Mean

Table 4.4 gives the estimated bias, relative bias, relative MSE, and 95% confidence
interval coverage probability for different standard error estimators using SRS. The estimates
were obtained under the two conditions: without strata and with pseudo-strata. The jackknife and

bootstrap estimators can be used for a sample without strata while the BRR and Fay’s estimators
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require a sample with a certain type of strata. Therefore, pseudo-strata were generated for
samples in SRS. The novice teachers in each set of samples were randomly paired, and each pair
represented a stratum.

Simple Random Sampling without Strata. The standard errors were computed based on
the jackknife and bootstrap methods without using strata. In terms of estimated bias, relative
bias, relative MSE, and confidence interval coverage probability, the two standard error
estimators performed similarly well regardless of sample size and level of correlation.

The estimated bias is the difference between the empirical standard error and the average
of standard error estimates from the 10 sets of samples and can be a negative value. The relative
bias is the estimated bias divided by the empirical standard error, and hence, can be also a

negative value.

Table 4.4 Estimated Bias, Relative Bias, Relative MSE, and Confidence Interval Coverage
Probability (CV) of the Standard Error Estimators Using SRS without Strata

0 o Jackknife Bootstrap
Bias Rel. Bias Rel. MSE CVv Bias Rel. Bias Rel. MSE CVv
50 0.0 0.01 0.03 0.01 1.00 0.01 0.04 0.01 1.00
50 0.4 0.00 0.01 0.00 0.90 0.01 0.02 0.01 0.90
50 0.7 -0.02 -0.05 0.01 1.00 -0.02 -0.06 0.01 1.00
100 0.0 -0.01 -0.04 0.01 0.90 -0.01 -0.03 0.01 0.90
100 0.4 0.00 0.02 0.01 1.00 0.01 0.04 0.01 1.00
100 0.7 0.01 0.03 0.01 0.90 0.01 0.04 0.01 0.90
500 0.0 0.01 0.20 0.04 0.90 0.01 0.20 0.04 0.90
500 0.4 0.01 0.16 0.03 0.90 0.01 0.15 0.02 0.90
500 0.7 0.01 0.14 0.02 1.00 0.01 0.15 0.02 1.00
1000 0.0 0.02 0.41 0.17 1.00 0.02 0.40 0.16 1.00
1000 0.4 0.02 0.38 0.14 1.00 0.02 0.35 0.12 1.00
1000 0.7 0.02 0.43 0.19 1.00 0.02 0.43 0.19 1.00

Simple Random Sampling with Pseudo-Strata. The standard errors were computed based

on the jackknife, bootstrap, BRR, and Fay’s methods with pseudo-strata. Table 4.5 shows the
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estimated biases and relative biases. All standard error estimators exhibit similar estimated biases

and relative biases regardless of sample size and level of correlation.

Table 4.5 Estimated Bias and Relative Bias of the Standard Error Estimators Using SRS with
Pseudo-Strata

Bias Rel. Bias

n P
0) OB OBr OF 0) OB OBr OF

50 0.0 0.02 0.01 0.02 0.02 0.06 0.05 0.06 0.06
50 0.4 0.01 0.01 0.01 0.01 0.03 0.04 0.03 0.03
50 0.7 -0.03 -0.02 -0.03 -0.03 -0.09 -0.08 -0.09 -0.09
100 0.0 0.00 0.00 0.00 0.00 -0.02 -0.03 -0.02 -0.02
100 0.4 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
100 0.7 0.01 0.01 0.01 0.01 0.03 0.03 0.03 0.03
500 0.0 0.01 0.01 0.01 0.01 0.19 0.18 0.19 0.19
500 0.4 0.01 0.01 0.01 0.01 0.15 0.14 0.15 0.15
500 0.7 0.01 0.01 0.01 0.01 0.14 0.15 0.14 0.14
1000 0.0 0.02 0.02 0.02 0.02 0.43 0.40 0.43 0.43
1000 0.4 0.02 0.02 0.02 0.02 0.40 0.43 0.40 0.40
1000 0.7 0.02 0.02 0.02 0.02 0.42 0.42 0.42 0.42

Table 4.6 shows the relative MSE and confidence interval coverage probability. All
standard error estimators report similar relative MSEs and confidence interval coverage

probabilities regardless of sample size and level of correlation.
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Table 4.6 Relative MSE and Confidence Interval Coverage Probability of the Standard Error

Estimators Using SRS with Pseudo-Strata

0 o Rel. MSE ClI coverage probability
(O] oB OR OF (O] OB OR OF
50 0 0.02 0.03 0.02 0.02 1.00 1.00 1.00 1.00
50 0.4 0.02 0.02 0.02 0.02 0.90 0.90 0.90 0.90
50 0.7 0.03 0.03 0.03 0.03 1.00 1.00 1.00 1.00
100 0 0.00 0.01 0.00 0.00 1.00 1.00 1.00 1.00
100 0.4 0.02 0.02 0.02 0.02 1.00 1.00 1.00 1.00
100 0.7 0.01 0.02 0.01 0.01 0.90 0.90 0.90 0.90
500 0 0.04 0.04 0.04 0.04 0.90 0.90 0.90 0.90
500 0.4 0.03 0.02 0.03 0.03 0.90 0.90 0.90 0.90
500 0.7 0.02 0.03 0.02 0.02 1.00 1.00 1.00 1.00
1000 0 0.18 0.16 0.18 0.18 1.00 1.00 1.00 1.00
1000 0.4 0.16 0.19 0.16 0.16 1.00 1.00 1.00 1.00
1000 0.7 0.18 0.18 0.18 0.18 1.00 1.00 1.00 1.00

As expected, the results of SRS indicate that all of the standard error estimators work
similarly to each other regardless of simulation conditions and serve as a basis in order to
evaluate the performance of the standard error estimators using samples in SICSUP, SICS, and
SC.

Three Sample Designs with Original Strata.

Estimated Bias. Table 4.7 provides the estimated bias for different standard error
estimators with the original strata (rural, town, and city) and weights. Only the jackknife and
bootstrap estimators were applied because application of the BRR and Fay’s estimators require
using pseudo-strata. The estimated bias is the difference between the empirical standard error
and the average of standard error estimates from the 10 sets of samples and can be a negative
value.

In general, the standard errors in SICSUP are similar to those in SC. No substantial

difference between SICSUP and SC was found although some simulation conditions showed
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larger difference than the other conditions did. When the sample size is small (n = 50), SICSUP
reported slightly smaller biases than SC did. Considering the smaller bias is the better, SICSUP
performed better than SC under such condition.

With non-small sample size, n > 500, regardless of sample design, type of standard error
estimator, and other simulation conditions, the standard error estimators tend to overestimate the
empirical standard error, which was obtained using 5,000 sample means. With small sample size,

n < 500, the estimated bias could be negative or positive.
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Table 4.7 Estimated Bias for the Standard Error Estimators with Original Strata and Weight

n p ouJ (9N 0s) ‘ ouB OiB OsB
Initial Proportions Based on Data
50 0.0 -0.02 0.03 0.04 -0.03 0.02 0.03
50 0.4 0.01 0.09 -0.05 -0.01 0.07 -0.07
50 0.7 -0.02 0.00 -0.04 -0.03 -0.02 -0.05
100 0.0 -0.03 -0.01 -0.04 -0.04 -0.02 -0.04
100 0.4 -0.01 0.02 -0.02 -0.01 0.01 -0.02
100 0.7 0.01 0.00 0.02 0.00 -0.01 0.02
500 0.0 0.03 0.02 0.02 0.02 0.02 0.02
500 0.4 0.02 0.02 0.02 0.02 0.02 0.02
500 0.7 0.03 0.03 0.03 0.03 0.03 0.03
1000 0.0 0.04 0.04 0.04 0.04 0.03 0.04
1000 0.4 0.03 0.04 0.04 0.03 0.03 0.04
1000 0.7 0.05 0.04 0.05 0.04 0.04 0.04
Informal Estimate Based on School Proportions
50 0.0 -0.02 -0.05 -0.03 -0.04 -0.05 -0.04
50 0.4 0.00 -0.01 -0.03 -0.01 -0.03 -0.05
50 0.7 0.00 0.05 0.07 -0.01 0.03 0.06
100 0.0 0.01 0.00 -0.04 0.01 -0.01 -0.04
100 0.4 0.01 -0.01 -0.02 0.00 -0.01 -0.02
100 0.7 -0.02 0.01 0.01 -0.03 0.01 0.01
500 0.0 0.03 0.01 0.01 0.03 0.01 0.01
500 0.4 0.02 0.03 0.02 0.02 0.02 0.02
500 0.7 0.03 0.02 0.02 0.03 0.02 0.02
1000 0.0 0.03 0.03 0.02 0.04 0.03 0.02
1000 0.4 0.04 0.03 0.04 0.04 0.03 0.03
1000 0.7 0.04 0.03 0.03 0.04 0.03 0.03
Informal Estimate Based on Equal Proportions
50 0.0 0.03 -0.08 -0.04 0.02 -0.09 -0.05
50 0.4 -0.03 0.03 0.04 -0.04 0.02 0.03
50 0.7 -0.07 0.09 -0.06 -0.07 0.07 -0.07
100 0.0 0.01 0.00 0.01 0.01 -0.03 -0.03
100 0.4 -0.03 -0.04 -0.01 -0.02 0.00 -0.01
100 0.7 -0.08 -0.09 -0.05 -0.05 -0.02 -0.03
500 0.0 0.03 0.02 0.02 0.02 0.01 0.01
500 0.4 0.03 0.03 0.03 0.03 0.01 0.01
500 0.7 0.02 0.02 0.02 0.02 0.02 0.02
1000 0.0 0.04 0.04 0.03 0.03 0.02 0.03
1000 0.4 0.04 0.04 0.03 0.03 0.03 0.03
1000 0.7 0.04 0.04 0.04 0.04 0.03 0.03
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On average, in SICSUP, the jackknife and bootstrap estimator worked similarly to each
other. The difference in standard error between the two standard error estimators is very small,
with maximum difference of .03. Figure 4.2 illustrates the absolute values of the estimated
biases. With very small sample size (n = 50), the jackknife estimator might be slightly better than

the bootstrap estimator in SICSUP.
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Figure 4.2 Estimated Bias of the Jackknife (oy;) and Bootstrap (oug) Estimators with n=50 and
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The estimated biases of standard error without sampling weight were also examined (see
Appendix). The two results are not very different. The standard error estimators without weight
tend to slightly less underestimate the empirical standard error than those with weight. This
difference shows the influence of using sampling weight upon standard error estimation.

Relative Bias. Table 4.8 presents the relative biases of the standard error estimates with
weights. Like the previous section, only the jackknife and bootstrap estimators were used.

On average, SICSUP worked as well as SC in terms of relative bias. When the sample
size is small (n = 50), SICSUP reported slightly smaller relative biases than SC did. Considering
the smaller relative bias is the better, SICSUP performed better than SC under such condition.

As the sample size increases, the relative biases tend to increase regardless of sample
design, type of standard error estimator, and other simulation conditions. The standard error
decreases as the sample size increases, and this reduction in standard error might cause the
increase in relative bias. For instance, with sample size of 50, if empirical standard error is .10
and a standard error estimate is .11, the bias is .01 (.11 —.10). With sample size of 1,000, if the
empirical standard error is .01 and a standard error estimate is .02, the bias is also .01 (.02 —.01).
Although the biases are the same, the relative biases are different: .1 (.01/.10) for the former case
and 1.0 (.01/.01) for the latter case. This caused the increase in relative bias with increasing
sample size in Table 4.9. Therefore, the results should be interpreted given the same sample size.

On average, in SICSUP, the jackknife and bootstrap estimator worked similarly to each
other in terms of relative bias. With very small sample size (n = 50), the jackknife estimator
might be slightly better than the bootstrap estimator in SICSUP. These results agree with those of

estimated bias.
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Table 4.8 Relative Bias of the Standard Error Estimators with Original Strata and Weight

n p ouJ (9N 0s) ‘ ouB OiB OsB
Initial Proportions Based on Data
50 0.0 -0.04 0.06 0.07 -0.06 0.03 0.07
50 0.4 0.01 0.16 -0.09 -0.01 0.12 -0.13
50 0.7 -0.03 0.00 -0.07 -0.04 -0.03 -0.09
100 0.0 -0.07 -0.03 -0.11 -0.10 -0.05 -0.12
100 0.4 -0.03 0.05 -0.05 -0.03 0.04 -0.05
100 0.7 0.01 0.00 0.04 0.00 -0.02 0.05
500 0.0 0.17 0.11 0.16 0.15 0.11 0.15
500 0.4 0.15 0.14 0.16 0.15 0.14 0.16
500 0.7 0.19 0.20 0.20 0.19 0.19 0.19
1000 0.0 0.44 0.41 0.48 0.45 0.40 0.47
1000 0.4 0.37 0.40 0.48 0.38 0.37 0.49
1000 0.7 0.45 0.46 0.49 0.43 0.45 0.47
Informal Estimate Based on School Proportions
50 0.0 -0.04 -0.09 -0.07 -0.08 -0.10 -0.08
50 0.4 0.00 -0.02 -0.06 -0.03 -0.06 -0.09
50 0.7 0.00 0.09 0.13 -0.02 0.05 0.11
100 0.0 0.03 0.00 -0.11 0.02 -0.02 -0.12
100 0.4 0.02 -0.03 -0.05 0.00 -0.02 -0.06
100 0.7 -0.05 0.03 0.01 -0.07 0.03 0.01
500 0.0 0.18 0.10 0.09 0.18 0.09 0.08
500 0.4 0.12 0.17 0.13 0.10 0.15 0.13
500 0.7 0.20 0.10 0.14 0.20 0.09 0.14
1000 0.0 0.41 0.31 0.27 0.42 0.31 0.24
1000 0.4 0.42 0.36 0.40 0.42 0.36 0.39
1000 0.7 0.42 0.25 0.27 0.42 0.24 0.29
Informal Estimate Based on Equal Proportions
50 0.0 0.06 -0.16 -0.08 0.04 -0.18 -0.10
50 0.4 -0.06 0.06 0.08 -0.08 0.04 0.05
50 0.7 -0.12 0.15 -0.10 -0.12 0.12 -0.13
100 0.0 0.02 -0.01 0.03 0.03 -0.07 -0.08
100 0.4 -0.08 -0.10 -0.04 -0.06 -0.01 -0.03
100 0.7 -0.19 -0.20 -0.12 -0.14 -0.06 -0.08
500 0.0 0.18 0.17 0.16 0.15 0.10 0.09
500 0.4 0.21 0.21 0.22 0.21 0.07 0.06
500 0.7 0.14 0.14 0.13 0.13 0.11 0.12
1000 0.0 0.43 0.41 0.42 0.41 0.26 0.27
1000 0.4 0.43 0.43 0.42 0.41 0.26 0.27
1000 0.7 0.44 0.44 0.43 0.45 0.28 0.28

66



The relative biases without sampling weight were also investigated (see Appendix).
Although SICSUP does not show a substantial difference in relative bias between the two results,
SICS and SC show a noticeable difference in relative bias under some simulation conditions,
with the maximum difference of 30% in SICS and 28% in SC. This indicates the influence of
using sampling weight for standard error estimation.

Relative MSE. Table 4.9 presents the relative MSEs of the standard error estimates with
sampling weights. Like the previous sections, only the jackknife and bootstrap estimators were
used.

On average, SICSUP worked as well as SC in terms of relative MSE except under some
simulation conditions. For example, under the condition of n = 50, p = .0, and initial proportions
based on data, the relative MSE in SICSUP (.17) is fairly greater than that in SC (.05). This
result doesn’t seem to agree with the previous results of estimated bias and relative bias. The
MSE is a sum of the variance of estimates and squared bias of estimates. Under such condition,
the standard errors may be widely spread out and lead to increase the MSE here.

In general, in SICSUP, the jackknife and bootstrap estimators worked similarly to each
other. No substantial difference between the two standard error estimators was found, with the
maximum difference of .03. Using either of the jackknife or bootstrap estimator would not make
a big difference in estimating standard errors in SICSUP.

The relative MSEs without weight were also calculated (see Appendix). The difference
between the two results is not significant in general although some simulation conditions
produced a relatively large difference between results. This indicates the effect of using sampling

weight upon standard error estimation.
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Table 4.9 Relative MSE for the Standard Error Estimators with Original Strata and Weight

n p ouJ (9N 0s) ‘ ouB OiB OsB
Initial Proportions Based on Data
50 0.0 0.17 0.05 0.05 0.17 0.06 0.05
50 0.4 0.06 0.06 0.04 0.05 0.05 0.05
50 0.7 0.02 0.04 0.04 0.02 0.04 0.04
100 0.0 0.02 0.02 0.03 0.03 0.03 0.03
100 0.4 0.03 0.03 0.01 0.03 0.03 0.02
100 0.7 0.02 0.03 0.07 0.03 0.04 0.07
500 0.0 0.04 0.02 0.03 0.03 0.02 0.03
500 0.4 0.03 0.02 0.03 0.04 0.03 0.03
500 0.7 0.04 0.05 0.05 0.04 0.04 0.04
1000 0.0 0.20 0.17 0.23 0.21 0.17 0.23
1000 0.4 0.14 0.16 0.23 0.15 0.14 0.24
1000 0.7 0.21 0.21 0.24 0.18 0.20 0.23
Informal Estimate Based on School Proportions
50 0.0 0.11 0.07 0.05 0.12 0.06 0.05
50 0.4 0.14 0.11 0.08 0.12 0.09 0.06
50 0.7 0.02 0.05 0.08 0.02 0.04 0.07
100 0.0 0.01 0.09 0.05 0.02 0.09 0.04
100 0.4 0.03 0.03 0.02 0.03 0.03 0.02
100 0.7 0.04 0.05 0.04 0.04 0.07 0.04
500 0.0 0.04 0.02 0.01 0.04 0.02 0.01
500 0.4 0.02 0.04 0.03 0.01 0.03 0.03
500 0.7 0.05 0.03 0.03 0.05 0.03 0.03
1000 0.0 0.17 0.10 0.08 0.18 0.10 0.06
1000 0.4 0.18 0.13 0.16 0.18 0.13 0.15
1000 0.7 0.18 0.07 0.08 0.19 0.06 0.09
Informal Estimate Based on Equal Proportions
50 0.0 0.05 0.07 0.05 0.05 0.07 0.05
50 0.4 0.05 0.07 0.09 0.05 0.05 0.07
50 0.7 0.07 0.20 0.06 0.07 0.17 0.06
100 0.0 0.05 0.04 0.04 0.04 0.04 0.05
100 0.4 0.04 0.03 0.02 0.03 0.04 0.03
100 0.7 0.06 0.06 0.03 0.04 0.04 0.04
500 0.0 0.04 0.03 0.03 0.03 0.02 0.03
500 0.4 0.06 0.06 0.06 0.05 0.01 0.01
500 0.7 0.02 0.02 0.02 0.02 0.02 0.03
1000 0.0 0.19 0.17 0.18 0.17 0.07 0.08
1000 0.4 0.19 0.18 0.18 0.17 0.07 0.08
1000 0.7 0.20 0.20 0.19 0.21 0.08 0.08
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Confidence Interval Coverage Probability. Table 4.10 presents the confidence interval
coverage probabilities of the standard error estimates with weights. Like the previous sections,
only the jackknife and bootstrap estimators were used.

In terms of confidence interval coverage probability, SICSUP worked as well as SC.
Under the condition of n = 50, p = .0, informal estimate based on school proportions, and the
bootstrap estimator, SICSUP worked much better than SC: 1.0 in SICSUP and .7 in SC. The
corresponding probabilities using jackknife estimator are 1.0 in SICSUP and .8 in SC. Under
such condition, SICSUP worked better than SC in terms of confidence interval coverage
probability.

In SICSUP, the jackknife and bootstrap worked almost identically. Although most of the
coverage probabilities are either of .9 or 1.0, there are some conditions that show the coverage
probability of .8, which is lower than the preferred value (.9 or higher). For example, under the
condition of n = 50, informal estimate based on equal proportions, and p = .7, either of the

jackknife or bootstrap estimator reported the coverage probability of .8.
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Table 4.10 Confidence Interval Coverage Probability of the Standard Error Estimators with

Original Strata and Weight

n p ow on 0sJ ‘ OouB OiB OsB
Initial Proportions Based on Data
50 0.0 1.00 1.00 0.90 1.00 1.00 0.90
50 0.4 0.90 0.80 0.90 0.90 0.90 0.90
50 0.7 0.90 1.00 0.80 0.80 0.90 0.80
100 0.0 0.90 1.00 1.00 0.90 1.00 1.00
100 0.4 0.90 0.90 1.00 0.90 0.90 0.90
100 0.7 1.00 0.90 1.00 1.00 0.90 1.00
500 0.0 0.80 1.00 1.00 0.80 1.00 1.00
500 0.4 1.00 0.90 1.00 1.00 0.90 1.00
500 0.7 0.90 1.00 1.00 0.90 1.00 1.00
1000 0.0 1.00 1.00 1.00 1.00 1.00 1.00
1000 0.4 0.90 1.00 1.00 0.90 1.00 1.00
1000 0.7 1.00 1.00 1.00 1.00 1.00 1.00
Informal Estimate Based on School Proportions
50 0.0 1.00 1.00 0.80 1.00 1.00 0.70
50 0.4 0.80 1.00 0.80 0.90 1.00 0.80
50 0.7 1.00 0.90 1.00 1.00 0.90 1.00
100 0.0 1.00 1.00 1.00 0.90 1.00 1.00
100 0.4 0.90 1.00 0.90 0.90 0.90 0.90
100 0.7 0.90 1.00 1.00 0.90 1.00 1.00
500 0.0 1.00 1.00 1.00 1.00 1.00 1.00
500 0.4 0.90 1.00 1.00 0.90 1.00 1.00
500 0.7 1.00 1.00 1.00 1.00 1.00 1.00
1000 0.0 1.00 1.00 1.00 1.00 1.00 1.00
1000 0.4 1.00 1.00 1.00 1.00 1.00 1.00
1000 0.7 0.90 1.00 1.00 0.90 1.00 1.00
Informal Estimate Based on Equal Proportions
50 0.0 1.00 0.90 1.00 1.00 0.90 1.00
50 0.4 0.90 0.90 1.00 0.90 0.90 1.00
50 0.7 0.80 1.00 0.90 0.80 1.00 0.90
100 0.0 1.00 1.00 1.00 1.00 1.00 1.00
100 0.4 0.90 0.90 0.80 0.80 1.00 1.00
100 0.7 0.90 0.90 0.90 0.80 1.00 1.00
500 0.0 1.00 1.00 1.00 1.00 0.90 0.90
500 0.4 1.00 1.00 1.00 1.00 1.00 1.00
500 0.7 1.00 1.00 1.00 1.00 1.00 1.00
1000 0.0 1.00 1.00 1.00 1.00 1.00 1.00
1000 0.4 1.00 1.00 1.00 1.00 1.00 1.00
1000 0.7 1.00 1.00 1.00 1.00 0.90 0.90
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On average, SICS reported higher confidence interval coverage probabilities than the
other two sampling designs did across the simulation conditions. Under some conditions, the
coverage probabilities in SICSUP are slightly worse than those in SICS. This can be explained
by two reasons: first, the mean was underestimated; second, standard error was underestimated.
The range of confidence interval is determined by the sample mean and the standard error
estimate. If both of the mean and the standard error are underestimated, the confidence interval
coverage probability would decrease.

Additionally, the confidence interval coverage probabilities were computed using the
estimated standard errors and unweighted means (see Appendix). In SICSUP, on average, the
confidence interval coverage probabilities without sampling weight are similar to those with
sampling weight.

Three Sample Designs with Pseudo-Strata. The BRR and Fay’s methods require using a
special type of strata. Each stratum should have two PSUs. In reality, such populations are rarely
found, and hence, the standard error estimators based on the BRR and Fay’s methods are often
employed with pseudo-strata.

Estimated Bias. The estimated bias is the difference between the empirical standard error
and the average of standard error estimates from the 10 sets of samples and can be a negative
value.

As shown in Table 4.11, SICSUP worked as well as SC in most simulation conditions
with respect to standard error estimation. Under the condition of n = 50, p =.7, and initial
information based on data, SICSUP worked relatively worse than SC. The estimated biases are
-.17 and -.04 in SICSUP and SC, respectively. This result is different from that with original

strata. When original strata were used, under the same condition, SICSUP worked slightly better
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than SC in terms of estimated bias. The use of pseudo-strata didn’t change much the standard
errors in SC while it made a noticeable change to standard errors when SICSUP was used, with
the difference about .15. This suggests that using pseudo-strata may influence SICSUP more
than SC.

Under most of the conditions, the four standard error estimators tend to underestimate the
empirical standard error. The estimated biases are mostly negative. Why this happened? When
original strata were used, biases were either of positive or negative. When n > 500, the jackknife
and bootstrap estimators tended to overestimate the empirical standard error. When pseudo-strata
were used, biases tended to be negative. Some previous studies reported similar results. For
small sample sizes, Fay’s estimator had tendency to underestimate the standard error (Paben,
1999).The jackknife estimator also seemed to underestimate the standard error with pseudo-strata
(Folsom, 2014). The results of estimated bias in this study show that not only the jackknife and
Fay’s estimators but also the bootstrap and BRR estimators tended to underestimate the
empirical standard errors. The underestimation may be related to the use of pseudo-strata.

In SICSUP, on average, the four standard error estimators worked similarly to each other.
No substantial difference in estimated bias was found among the four standard error estimators.
When informal estimate based on equal proportions was used, the BRR estimator performed

slightly better than the other standard error estimators, especially with n > 100.
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Table 4.11 Estimated Bias of the Standard Error Estimators with Pseudo-Strata and Weight

n p ouw (N Gs) GuB GiB GsB GUR GIR OsR OUF OIF OsF

Initial Proportions Based on Data

50 0.0 -0.11 -0.05 -0.10| -0.10 -0.04 -0.10| -0.11 -0.04 -0.10| -0.11 -0.05 -0.10
50 04 005 -0.02 -0.11| 0.05 -0.01 -0.11| 0.05 -0.01 -0.11| 0.05 -0.02 -0.11
50 0.7 -0.17 -0.08 -0.04|-0.17 -0.09 -0.04| -0.17 -0.09 -0.04| -0.17 -0.09 -0.04
100 0.0 -0.10 -0.12 -0.08| -0.10 -0.12 -0.08| -0.10 -0.12 -0.08| -0.10 -0.12 -0.08
100 0.4 -0.05 -0.04 -0.08| -0.06 -0.04 -0.08| -0.05 -0.04 -0.08| -0.05 -0.04 -0.08
100 0.7 -0.04 -0.07 -0.09| -0.04 -0.07 -0.09| -0.04 -0.07 -0.09| -0.04 -0.07 -0.09
500 0.0 -0.04 -0.05 -0.04| -0.04 -0.05 -0.04| -0.04 -0.05 -0.04| -0.04 -0.05 -0.04
500 0.4 -0.05 -0.04 -0.04| -0.05 -0.04 -0.04| -0.05 -0.04 -0.04| -0.05 -0.04 -0.04
500 0.7 -0.05 -0.08 -0.05|-0.05 -0.08 -0.05| -0.05 -0.08 -0.05|-0.05 -0.08 -0.05
1000 0.0 -0.03 -0.04 -0.02| -0.03 -0.03 -0.02| -0.03 -0.04 -0.02| -0.03 -0.04 -0.02
1000 0.4 -0.03 -0.03 -0.02| -0.03 -0.03 -0.02| -0.03 -0.08 -0.02| -0.03 -0.03 -0.02
1000 0.7 -0.03 -0.04 -0.03| -0.03 -0.04 -0.03| -0.03 -0.04 -0.03| -0.03 -0.04 -0.03

Informal Estimate Based on School Proportions

50 00 -0.15 -0.13 -0.11|-0.15 -0.13 -0.10| -0.15 -0.13 -0.10| -0.15 -0.13 -0.11
50 04 -0.15 -0.09 -0.10| -0.15 -0.09 -0.09| -0.15 -0.08 -0.10| -0.15 -0.09 -0.10
50 0.7 -0.12 0.06 0.07|-0.11 0.06 0.07|-0.11 0.06 0.07|-0.12 0.06 0.07
100 0.0 -0.07 -0.02 -0.09| -0.08 -0.02 -0.09| -0.07 -0.02 -0.09| -0.07 -0.02 -0.09
100 0.4 -0.07 -0.08 -0.06| -0.07 -0.03 -0.06| -0.07 -0.03 -0.06| -0.07 -0.03 -0.06
100 0.7 -0.02 -0.08 -0.09| -0.02 -0.04 -0.09| -0.02 -0.03 -0.09| -0.02 -0.03 -0.09
500 0.0 -0.05 -0.05 -0.03|-0.05 -0.05 -0.04| -0.05 -0.05 -0.03| -0.05 -0.05 -0.03
500 04 -0.05 -0.05 -0.05|-0.05 -0.05 -0.05|-0.05 -0.05 -0.05|-0.05 -0.05 -0.05
500 0.7 -0.05 -0.06 -0.06|-0.05 -0.06 -0.06|-0.05 -0.06 -0.06|-0.05 -0.06 -0.06
1000 0.0 -0.02 -0.02 -0.03| -0.02 -0.02 -0.02| -0.02 -0.02 -0.03| -0.02 -0.02 -0.03
1000 0.4 -0.03 -0.04 -0.02| -0.03 -0.04 -0.02| -0.03 -0.04 -0.02| -0.03 -0.04 -0.02
1000 0.7 -0.04 -0.04 -0.04| -0.04 -0.04 -0.04| -0.04 -0.04 -0.04| -0.04 -0.04 -0.04

Informal Estimate Based on Equal Proportions

50 0.0 -0.07 -0.15 -0.09| -0.06 -0.15 -0.10| -0.06 -0.15 -0.10| -0.06 -0.15 -0.10
50 0.4 -0.09 -0.08 -0.04| -0.09 -0.08 -0.04| -0.09 -0.09 -0.04| -0.09 -0.09 -0.04
50 0.7 -0.16 -0.02 -0.07| -0.16 -0.02 -0.07| -0.16 -0.02 -0.07| -0.16 -0.02 -0.07
100 0.0 -0.05 -0.05 -0.05| -0.05 -0.04 -0.04| -0.04 -0.04 -0.08| -0.09 -0.09 -0.09
100 0.4 -0.06 -0.06 -0.06|-0.06 -0.04 -0.04| -0.04 -0.04 -0.04| -0.04 -0.03 -0.04
100 0.7 -0.11 -0.11 -0.11| -0.11 -0.07 -0.07| -0.07 -0.07 -0.06| -0.06 -0.06 -0.06
500 0.0 -0.05 -0.05 -0.05|-0.05 -0.04 -0.04| -0.04 -0.04 -0.03| -0.03 -0.03 -0.03
500 04 -0.04 -0.03 -0.04|-0.04 -0.03 -0.03| -0.03 -0.03 -0.06|-0.06 -0.06 -0.06
500 0.7 -0.07 -0.08 -0.07|-0.07 -0.06 -0.06| -0.06 -0.06 -0.08| -0.08 -0.08 -0.08
1000 0.0 -0.04 -0.04 -0.04| -0.04 -0.03 -0.03| -0.03 -0.03 -0.03| -0.03 -0.03 -0.03
1000 0.4 -0.03 -0.03 -0.03| -0.03 -0.02 -0.02| -0.02 -0.02 -0.04| -0.04 -0.04 -0.04
1000 0.7 -0.04 -0.03 -0.04| -0.04 -0.03 -0.03| -0.03 -0.03 -0.04| -0.04 -0.04 -0.04
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Additionally, estimated biases of the standard errors without sampling weight were
examined (see Appendix). For most of the simulation conditions, the estimated biases without
weight are slightly smaller than those with weight and are more underestimated than those with
weight.

Relative Bias. As | mentioned previously in the results with original strata, relative biases
of the standard error estimates do not necessarily decrease as the sample size increases.

On average, SICSUP worked as well as SC in terms of relative bias. Under some
simulation conditions, SICSUP worked slightly worse than SC (e.g., n = 50, p =.7, and initial
information based on data) while under other conditions, SICSUP worked slightly better than SC
(e.g., n=100, p=.7, and informal estimate based on school proportions). It is hard to find a
pattern that explains the different performances of SICSUP with respect to relative bias. Under
the condition of n = 50, p =.7, and initial information based on data, SICSUP worked relatively

worse than SC, and this result agrees with that of estimated bias.
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Table 4.12 Relative Bias of the Standard Error Estimators with Pseudo-Strata and Weight

n

p

ouw

(YN

0s)

ouB

GiB

OsB

OUR

GIR

OsRr

GuF

OIF

GsF

nitial Proportions Based on Data

50
50
50
100
100
100
500
500
500
1000
1000
1000

0.0
0.4
0.7
0.0
0.4
0.7
0.0
0.4
0.7
0.0
0.4
0.7

-0.21

0.09
-0.27
-0.27
-0.14
-0.09
-0.27
-0.31
-0.31
-0.34
-0.38
-0.34

-0.09
-0.04
-0.14
-0.33
-0.09
-0.17
-0.37
-0.24
-0.47
-0.41
-0.33
-0.39

-0.20
-0.21
-0.07
-0.23
-0.22
-0.22
-0.28
-0.24
-0.29
-0.24
-0.29
-0.31

-0.20

0.10
-0.27
-0.27
-0.15
-0.10
-0.27
-0.31
-0.31
-0.34
-0.38
-0.34

-0.08
-0.03
-0.14
-0.34
-0.11
-0.16
-0.37
-0.23
-0.47
-0.40
-0.33
-0.39

-0.20
-0.20
-0.08
-0.22
-0.22
-0.22
-0.28
-0.24
-0.29
-0.25
-0.29
-0.31

-0.21

0.09
-0.27
-0.27
-0.13
-0.09
-0.28
-0.31
-0.31
-0.34
-0.37
-0.34

-0.08
-0.02
-0.14
-0.33
-0.09
-0.16
-0.37
-0.24
-0.47
-0.41
-0.33
-0.39

-0.20
-0.21
-0.07
-0.24
-0.23
-0.22
-0.28
-0.24
-0.29
-0.24
-0.29
-0.31

-0.21

0.09
-0.27
-0.27
-0.13
-0.09
-0.28
-0.31
-0.31
-0.34
-0.37
-0.34

-0.09
-0.03
-0.14
-0.33
-0.09
-0.16
-0.37
-0.24
-0.47
-0.41
-0.33
-0.39

-0.20
-0.21
-0.07
-0.24
-0.22
-0.22
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-0.34
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-0.08
-0.12
-0.23
-0.10
-0.14
-0.21
-0.37
-0.45
-0.28
-0.37
-0.40

-0.13
-0.16
-0.27
-0.23
-0.10
-0.15
-0.22
-0.38
-0.44
-0.29
-0.37
-0.40

-0.30
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-0.04
-0.23
-0.09
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Figure 4.3 shows the differences in relative bias under the condition of p =.7 and
informal estimate based on equal proportions. The relative biases in SICSUP are expressed in
blue, and those in SC are expressed in green regardless of standard error estimator. The same
color was used for each sample design regardless of standard error estimator in order to show the
difference in relative bias between the two sample designs clearly. With small sample size (n =
50), the relative biases in SICSUP (blue lines) are greater in absolute value than those in SC
(green lines). However, as the sample size increases, the difference between the two sample
designs becomes small, and with the sample size of 1,000, almost standard error estimators work
similarly to each other except the Fay’s estimator in SC (green dash line). If researchers want to
use SICSUP and SC together for their survey under such condition, using sample sizes more than

50 would be recommended in order to keep the estimation precision constant across the sample

designs.
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Figure 4.3 Relative Bias of the Standard Error Estimators by Sample Design (p= .7 and
Informal Estimate Based on Equal Proportions)
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In SICSUP, although all standard error estimators work similarly to each other in general,
the BRR slightly works better than the other standard error estimators in terms of relative bias.
The Fay’s estimator also works slightly better than the other standard error estimators under
some conditions, but it works worse than the others under different conditions. Therefore, the
Fay’s estimator seems less stable than the others. As the sample size increases, the difference in
relative bias among the four standard error estimators decreases and becomes almost identical
except under the condition of informal estimate based on equal proportions.

Additionally, the relative bias without weight was calculated (see Appendix). Many of
the simulation conditions produced similar relative biases regardless of whether the weights were
used or not. However, there are some conditions where the amount of difference in relative bias
is greater than or equal to .1. Since the relative bias is expressed in a proportion, a difference of
.1 represents a difference of 10%. About 1.3% (56 out of 432 simulation conditions) of the
simulation conditions have differences greater than or equal to .1. Those relatively large
differences happened in SICS and SC rather than in SICSUP. That means whether or not using
weight has a more significant impact upon standard error estimation for samples in SICS and SC
than those in SICSUP.

In SICSUP, although the relative biases with weight and without weight show similar
patterns, there are some differences. With sampling weight, as the sample size increases, the
relative biases increase. On the other hand, the relative biases without weight report relatively
similar values as the sample size increases except under the condition of highly correlated data (p
=.7). This is the same for all four standard error estimators. Figure 4.4 gives the relative biases
with weight (blue lines) and those without weight (red lines) by sample size under some

conditions. Four standard error estimators including the jackknife, bootstrap, BRR, and the Fay’
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estimators were used. In Figure 4.4, all relative biases with weight are in blue and those without
weight are in red in order to show the difference between weighted and unweighted samples
clearly. The relative biases without weight are more constant across sample sizes than those with

weight.
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Figure 4.4 Relative Bias of the Standard Error Estimator with Weight (Blue Lines) and without
Weight (Red Lines) by Sample Size Using SICSUP.
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Relative MSE. On average, SICSUP worked slightly worse than SC did in terms of
relative MSE, but the difference between the two sample designs was not substantial. The
greatest difference happened under the condition of n = 50, p = .0, and initial proportions based
on data. The difference is about .2, meaning about 20% difference in relative MSE. Although
this result is different from the results of estimated bias and relative bias, it agrees with the result
of relative MSE with original strata.

In SICSUP, throughout the simulation conditions, the jackknife, bootstrap, BRR, and
Fay’s estimators performed similarly to each other in terms of relative MSE except under the
condition of informal estimate based on equal proportions. Under such condition, the BRR
performed slightly better than the others. The Fay’s estimator worked better than others under
some conditions, but under different conditions, it worked worse than the others. It seems the
Fay’s estimator is less stable than the others under the condition of informal estimate based on
equal proportions. As the sample size increases, the difference in relative MSE among the four
standard error estimators decreases and becomes almost identical except under the condition of

informal estimate based on equal proportions. These results are similar to those of relative bias.
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Table 4.13 Relative MSE of the Standard Error Estimators with Pseudo-Strata and Weight

n P ow (9N Gs) GuB 1B GsB Gur GIrR GOsr GUF OIF GsF
Initial Proportions Based on Data
50 00 026 0.07 0.06|025 0.07 006|025 0.07 0.06| 0.25 0.07 0.06
50 04 013 006 0.09|0.14 0.05 0.09| 013 0.06 0.09| 0.13 0.06 0.09
50 0.7 012 0.13 0.08]| 0.12 0.12 0.08| 0.12 0.13 0.08| 0.12 0.13 0.08
100 00 0.08 0.13 0.08| 0.08 0.14 0.07| 0.08 0.13 0.08| 0.08 0.13 0.08
100 04 0.07 0.06 0.06| 0.07 0.06 0.06| 0.07 0.05 0.06| 0.07 0.06 0.06
100 0.7 0.09 0.11 0.09| 009 0.11 0.0 0.09 0.11 0.10| 0.09 0.11 o0.10
500 0.0 010 015 0.09| 0.09 0.15 0.09| 0.10 0.15 0.09| 0.10 0.15 0.09
500 04 013 0.08 0.07|0.13 0.08 0.07| 0.13 0.08 0.07| 0.13 0.08 0.07
500 0.7 012 025 0.11]0.12 025 010|012 025 0.11| 0.12 0.25 0.11
1000 0.0 0.16 0.18 0.08| 0.16 0.17 0.09| 0.16 0.18 0.08| 0.16 0.18 0.08
1000 04 0.16 0.13 0.09| 0.16 0.13 0.10| 0.16 0.13 0.09| 0.16 0.13 0.09
1000 0.7 0.14 020 0.11| 0.14 0.20 0.11| 0.14 0.20 0.11| 0.14 0.20 0.11
Informal Estimate Based on School Proportions
50 00 017 0.10 0.4 0.18 0.10 0.14| 0.17 0.10 0.14| 0.17 0.10 0.14
50 04 019 020 0.6 0.18 0.19 0.16| 0.18 0.20 0.16| 0.18 0.20 0.16
50 07 009 014 0.14|0.09 014 0.14| 009 0.14 0.14| 0.09 0.14 0.14
100 00 0.09 0.12 0.10| 009 0.11 0.0 009 0.12 0.10| 0.09 0.12 0.10
100 04 0.10 0.08 0.07| 0.10 0.08 0.06| 0.10 0.08 0.07| 0.10 0.08 o0.07
100 0.7 0.08 0.14 0.07| 009 0.14 0.07| 008 0.13 0.07| 0.08 0.13 o0.07
500 0.0 0.15 0.15 0.07| 0.16 0.15 0.07| 0.15 0.15 0.07| 0.15 0.15 0.07
500 04 0214 012 0.14| 014 0.12 0.14| 014 0.2 0.14)| 014 012 0.14
500 0.7 013 0.15 0.15| 0.13 0.16 0.5 0.13 0.15 0.15| 0.13 0.15 0.5
1000 0.0 0.05 0.08 0.10| 0.05 0.08 0.09| 0.05 0.08 0.10| 0.05 0.08 0.10
1000 0.4 0.13 0.18 0.06| 0.12 0.18 0.06| 0.13 0.18 0.06| 0.13 0.18 0.06
1000 0.7 0.18 0.16 0.17| 0.18 0.16 0.18| 0.18 0.16 0.17| 0.18 0.16 0.17
Informal Estimate Based on Equal Proportions
50 00 008 014 0.11|0.09 014 0.11|0.09 0.14 0.12| 0.09 0.14 011
50 04 007 017 0.4 007 0.18 0.14| 0.07 0.18 0.14| 0.07 0.18 0.14
50 07 014 0.18 0.08| 0.14 0.18 0.08| 0.14 0.18 0.08| 0.14 0.17 0.08
100 0.0 0.06 0.06 0.06| 006 0.05 0.05(005 0.05 0.11| 0.11 0.11 o0.11
100 04 0.3 0.13 0.14] 013 0.10 0.1 0.10 0.0 0.09| 0.10 0.09 0.09
100 0.7 0.15 0.15 0.15] 015 0.11 0.21 011 021 0.10| 0.10 0.10 0.20
500 0.0 015 015 0.15| 0.15 0.14 0.4 014 0.14 0.09| 0.08 0.09 0.09
500 04 0.07 007 0.07| 0.07 0.06 0.07| 006 0.06 0.16| 0.16 0.16 0.16
500 0.7 020 021 0.20] 020 0.16 0.15| 0.16 0.16 0.24| 0.24 0.24 0.24
1000 0.0 0.22 0.23 0.22| 022 0.14 0.14| 024 0.14 011|011 011 o011
1000 04 0.09 0.09 0.09| 0.09 005 0.05| 0.05 0.05 0.17| 0.17 0.17 0.17
1000 0.7 0.16 0.16 0.16| 0.16 0.15 0.16| 0.15 0.15 0.19| 0.19 0.19 0.19
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Additionally, the relative MSEs without weight were examined (see Appendix). On
average, the relative MSEs without weight and those with weight are similar to each other. The
greatest difference in relative MSE occurred in SICSUP under the condition of sample size of
1,000, p = .0, and informal estimate based on equal proportions. Except that condition, in
SICSUP, the relative MSEs with weight and those without weight are similar.

Confidence Interval Coverage Probability. Due to the underestimated standard errors,
many of the confidence interval coverage probabilities did not reach the preferred value, .9 or
higher. Only 47% of the simulation conditions reached the preferred value, and other conditions
reported probabilities less than .9. Underestimated standard errors reduce the range of confidence
interval and hence, decrease the coverage probabilities. This is the same regardless of standard
error estimator and sample design used.

On average, SICSUP worked as well as SC in terms of confidence interval coverage
probability except under some conditions. Under the condition of n = 50, p =.0, and informal
estimate based on school proportions, SICSUP reported much higher probability than SC: 1.0 in
SICSUP and about .5 in SC. On the other hand, under the condition of n = 500, p = .0, and initial
information based on data, SICSUP reported lower probability than SC: .6 in SICSUP and .9 in

SC.

82



Table 4.14 Confidence Interval Coverage Probability of the Standard Error Estimators with
Pseudo-Strata and Weight

n p  Oow (9N 0s) ouB OB OsB OUR OIR OSR OUF OIF GOsF

Initial Proportions Based on Data

50 00 080 090 080 080 1.00 0.80| 0.80 0.90 0.80| 0.80 0.90 0.80
50 04 09 090 090 090 090 090 090 090 0.90| 090 0.90 0.90
50 0.7 080 100 080 080 1.00 0.70 | 0.80 1.00 0.80| 0.80 1.00 0.80
100 00 090 0.80 090| 090 0.80 090 | 090 0.80 0.90| 090 0.80 0.90
100 04 090 100 090| 090 1.00 090 | 090 1.00 0.90| 090 1.00 0.90
100 0.7 100 090 0.90| 1.00 090 0.90| 1.00 0.90 0.90| 1.00 0.90 0.90
500 0.0 060 070 090| 0.60 0.70 0.90| 0.60 0.70 0.90| 0.60 0.70 0.90
500 04 09 080 0.80| 090 0.80 0.80| 09 0.80 0.80| 090 0.80 0.80
500 0.7 070 070 090| 050 0.80 0.90| 070 0.70 0.90| 0.70 0.70 0.90
1000 0.0 090 0.80 0.50| 0.90 090 0.50| 0.90 0.80 0.50| 0.90 0.80 0.50
1000 04 080 0.70 050| 0.70 0.70 0.50| 0.80 0.70 0.50| 0.80 0.70 0.50
1000 0.7 050 0.60 0.70| 0.50 0.60 0.70| 0.50 0.60 0.70| 0.50 0.60 0.70

Informal Estimate Based on School Proportions

50 0.0 100 090 050| 1.00 090 0.50| 1.00 0.90 0.60| 1.00 0.90 0.60
50 04 070 090 0.80| 070 090 0.80| 070 0.90 0.80| 0.70 0.90 0.80
50 0.7 09 080 1.00| 090 0.80 1.00| 090 0.80 1.00| 090 0.80 1.00
100 00 080 0.80 0.70| 0.80 0.80 0.70| 0.80 0.80 0.70| 0.80 0.80 0.70
100 04 080 090 090| 0.80 090 0.90| 0.80 0.90 0.90| 0.80 0.90 0.90
100 0.7 090 1.00 0.80| 090 100 0.80| 0.90 1.00 0.80| 0.90 1.00 0.80
500 00 090 090 090 090 090 0.80| 090 090 0.90| 0.90 0.90 0.90
500 04 090 100 060|080 100 0.60| 090 1.00 0.60| 0.90 1.00 0.60
500 0.7 1.00 080 050 100 080 050| 1.00 080 0.50| 1.00 0.80 0.50
1000 0.0 090 0.70 100|090 0.70 1.00| 090 0.70 100| 0.90 0.70 1.00
1000 04 100 080 090 | 1.00 0.80 0.80| 1.00 080 0.90| 1.00 0.80 0.90
1000 0.7 0.70 0.70 0.60| 0.70 0.70 0.60| 0.70 0.70 0.60| 0.70 0.70 0.60

Informal Estimate Based on Equal Proportions

50 0.0 100 090 1.00| 1.00 090 100|100 0.90 1.00| 1.00 0.90 1.00
50 04 080 090 090| 0.80 090 090|080 0.90 0.90| 0.80 0.90 0.90
50 0.7 070 090 09| 070 0.80 080|070 0.90 0.90| 0.70 0.90 0.90
100 00 100 1.00 1.00| 1.00 080 0.80| 0.80 0.80 0.80| 0.80 0.80 0.80
100 04 090 090 090| 090 080 0.80| 0.80 0.80 0.90| 090 0.90 0.90
100 0.7 090 090 090| 090 080 0.80| 0.80 0.80 0.90| 0.90 0.90 0.90
500 00 0.80 080 080 080 080 0.80| 080 080 0.70| 0.70 0.70 0.70
500 04 100 100 100 1.00 100 0.90| 1.00 100 0.80| 0.80 0.80 0.80
500 0.7 0.60 0.60 0.60| 0.60 0.70 0.60| 0.70 0.70 0.50| 0.50 0.50 0.50
1000 0.0 0.70 070 0.70| 0.70 0.70 0.70| 0.70 0.70 0.90| 0.90 0.90 0.90
1000 04 080 080 080|080 090 090| 090 090 0.80| 0.80 0.80 0.80
1000 0.7 0.70 0.70 0.70| 0.70 0.80 0.80| 0.80 0.80 0.80| 0.80 0.80 0.80
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In SICSUP, the four standard error estimators performed similarly to each other except
under the condition of n > 100 and informal estimate based on equal proportions. Under such
condition, the BRR and Fay’s estimators worked differently as compared to the jackknife and
bootstrap estimators. Figure 4.5 illustrates the difference in confidence interval coverage
probabilities in SICSUP. Under most of the simulation conditions, the four standard error
estimators work almost identically except under conditions of informal estimate based on equal

proportions (condition 13 to 18 in Figure 4.5).
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12 : .
based on Data estimate based on equal proportion
Non-small sample, p = .4, initial 13 Small sample, p = .0, informal estimate
proportions based on Data based on equal proportion
Small sample, p = .7, initial proportions Non-small sample, p = .0, informal

14 : .
based on Data estimate based on equal proportion
Non-small sample, p = .7, initial Small sample, p = .4, informal estimate

. 15 .

proportions based on Data based on equal proportion
Small sample, p = .0, informal estimate 16 Non-small sample, p = .4, informal
based on school proportions estimate based on equal proportion
Non-small sample, p = .0, informal 17 Small sample, p = .7, informal estimate
estimate based on school proportions based on equal proportion
Small sample, p = .4, informal estimate 18 Non-small sample, p = .7, informal

based on school proportions

estimate based on equal proportion
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Figure 4.5 Confidence Interval Coverage Probability with Pseudo-Strata and Weight




Additionally, the confidence interval coverage probabilities without sampling weight
were examined (see Appendix). In SICSUP, on average, coverage probabilities with weight tend
to be slightly higher than those without weight.

In line with the findings presented so far, on average, the performance of SICSUP was as
good as SC in estimating the population mean, the population standard deviation, and the
standard error of the sample mean.

For mean and standard deviation estimation, with n > 500, SICSUP worked as well as
SC. In addition, with n = 1,000, the performance of the three sample designs became close to that
of SRS, with only slight difference. For standard error estimation, SICSUP worked as well as SC
except under some conditions. The conditions are different by evaluation criteria or type of strata
used, but the common factor is small sample size (n = 50). Therefore, very small sample size
should be avoided when SICSUP is used.

4.2  Research Question 2

One critical issue in applying a complex sample design is the determination of sample
size. This is typically done by determining amount of error that a researcher would allow. The
second research question is about how the appropriate sample size for SICSUP can be
determined. To address this research question, first, the design effects and corresponding sample
sizes were computed for each sample design, based on the standard errors that were obtained
from the first research question; second, given the margin of error, required sample sizes for
SICSUP, SICS, and SC were examined.

4.2.1 Design Effect and Sample Size
Table 4.15 shows the design effects of SICSUP, SICS, and SC by sample size and initial

information about proportions of novice teachers over strata. The standard errors based on the
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four replication methods were averaged because of the only slight difference in the estimates
among the replication methods. In addition, the levels of correlation between school size and the
variable of interest were averaged because of the same reason, and medians were used due to
some outliers. On average, the design effects based on the weighted samples are around 2.30,
2.55, and 2.21 in SICSUP, SICS, and SC, respectively. The design effects based on the samples
without weight are around 1.86, 2.01, and 1.89 in SICSUP, SICS, and SC, respectively.

As expected, in general, the design effects seem to decrease as the sample size increases
regardless of the type of sample design. The design effect measures relative efficiency between a
complex sample design and SRS. As the sample size increases, the effect of a complex sample
design decreases and the design effect approaches to 1, meaning that its efficiency becomes close
to that of SRS.

The type of initial proportions of novice teachers over strata made noticeable differences
in design effect when the sample size is small (n = 50), especially in SICSUP and SICS. In the
weighted samples, with initial proportions based on data, the designs effects for SICSUP and
SICS are 3.03 and 3.63, respectively; with informal estimate based on school proportions, 2.30
and 3.30, respectively; with informal estimate based on equal proportions, 2.74 and 3.01,
respectively. The use of informal estimates led to reduce the design effects of SICSUP as
compared to the design effect when initial proportions based on data used. On the other hand, the
design effects of SICS remained similar regardless of type of initial proportions used. This shows
the effect of the updating process in SICSUP on the efficiency of sample design. The updating
process is beneficial when initial proportions are different from those in the population,
especially for small sample size. With very large sample size (n = 1,000), the effect of the

updating process disappears, and, on average, the design effects tend to be similar among the
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three sample designs. When the sample size is 1,000, regardless of type of sample design, a half

of novice teachers are taken from the population.

Table 4.15 Design Effect for the Variable of Interest

Weighted Unweighted
: SICSUP SICS SC SICSUP SICS SC
Initial Proportions Based on Data
50 3.03 3.63 2.38 2.00 2.72 2.07
100 2.89 3.27 2.14 2.30 2.52 1.94
500 2.08 1.67 2.03 1.63 1.53 1.74
1000 1.70 1.69 1.85 1.42 1.42 1.57
Informal Estimate Based on School Proportions
50 2.30 3.30 2.56 1.97 2.32 2.14
100 2.90 3.58 2.36 1.97 2.37 1.88
500 1.90 2.04 1.73 1.65 1.38 1.50
1000 1.79 2.29 2.09 1.59 1.49 1.70
Informal Estimate Based on Equal Proportions
50 2.74 3.01 3.03 2.25 2.12 2.42
100 2.61 2.55 2.75 2.11 2.42 2.22
500 1.93 1.88 1.84 1.68 1.91 1.77
1000 1.75 1.69 1.77 1.71 1.89 1.77

Table 4.16 presents desired sample sizes based on the design effects in Table 4.15. Under
the condition of relatively small sample size (n < 100), on average, samples of SICSUP three
times larger than those of SRS can achieve the same precision in estimation (e.g., 50 for SRS and
152 for SICSUP). Under the condition of medium to large sample size (n > 500), samples of
SICSUP about two times larger than those of SRS can achieve the same precision in estimation
(e.g., 500 for SRS and 1,040 for SICSUP). In order to achieve the same level of accuracy in
estimation with 1,000 samples of SRS, SICSUP needs to take more than 85% of novice teachers
in the population (more than 1,700 novice teachers). The required sample size for SICSUP in this

situation seems hard to carry out in practice.
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With weighted samples, 50% of the simulation conditions require more samples in
SICSUP than for SC. With unweighted samples, 25% of the simulation conditions require more

samples in SICSUP than in SC.

Table 4.16 Desired Sample Size

Weighted Unweighted
: SICSUP SICS SC SICSUP SICS SC
Initial Proportions Based on Data
50 152 181 126 100 136 103
100 289 327 225 230 252 194
500 1040 836 913 815 763 868
1000 1701 1686 1719 1416 1419 1571
Informal Estimate Based on School Proportions
50 115 165 125 99 116 107
100 290 358 237 197 237 188
500 949 1018 823 823 691 750
1000 1788 2294 2012 1595 1492 1700
Informal Estimate Based on Equal Proportions
50 137 151 140 113 106 121
100 261 255 275 211 242 222
500 963 939 921 840 953 885
1000 1746 1693 1772 1710 1890 1768

Figure 4.6 to Figure 4.9 illustrate the differences in desired sample sizes, that can provide
parameter estimates as accurate as the given SRS samples would, among SICSUP, SICS, and
SC. The leftmost point on the horizontal axis in each figure represents the sample size of SRS.
The vertical axis represents simulation conditions; the first term, p, denotes the correlation
coefficient between school size and the variable of interest, and the second term denotes the type
of initial proportions of novice teachers over strata (e.g., “Data” for initial proportions based on
data, “Informal 1” for informal estimate based on school proportions, and “Informal 2” for
informal estimate based on equal proportions). Figure 4.6 to Figure 4.9 give the required sample

sizes for SICSUP, SICS, and SC given SRS samples of 50, 100, 500, and 1000, respectively.
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In the figures, there are some odd sample sizes that are substantively different from the
other sample sizes. For example, in Figure 4.8, the required sample size for SICS, under the
condition of p = .7 and initial proportions based on data, seems too small (n = 623) as compared
to those for SICSUP (n = 1,040) and SC (n = 890). In this dissertation, 10 sets of samples were
generated for each simulation condition and some sets with outliers might affect the results.

Without sampling weight, the required sample sizes are smaller than with sampling
weight. This is because the unweighted samples have smaller design effects than the weighted
samples have. The differences in sample sizes among SICSUP, SICS, and SC are not significant
as compared to the differences with sampling weight.

As shown in Figure 4.9, some simulation conditions produce the required sample sizes
greater than the population size of 2,000 (blue vertical line in Figure 4.9). These happen when
either of informal estimates is used as initial proportions. The deviation of required sample size
for SICSUP from the sample size of SRS becomes great as the sample size increases because the
sample size for SICSUP is a product of the sample size of SRS and the corresponding design
effect. For example, with SRS samples of 50, the design effect of 3 for SICSUP gives the
required sample size of 150, and the difference in sample size between two sample designs is
100. On the other hand, with SRS samples of 1,000, the design effect of 3 for SICSUP gives the
required sample size of 3,000, and the difference in them is 3,000. Although the design effect is

not changed, the difference in sample size between SICSUP and SRS increases.
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4.2.2 Margin of Error and Sample Size

The margin of error refers to the limit of accuracy of a sample estimate of a population
parameter (Agresti & Finlay, 2009). In other words, it shows how many points the results can be
differ from the population parameter. In this research question, it is the population mean. Table

4.17 presents the required sample sizes of SRS given the level of margin of error.

Table 4.17 Margin of Error for a Sample Mean and Required Sample Size for SRS

Margin of Error

P 05 0.4 03 0.2 0.1
0=0 56 87 149 307 840
p=4 63 96 165 337 895
0=7 69 106 180 365 943

The required sample sizes for SICSUP, SICS, and SC were obtained (see Table 4.18) by
multiplying the samples sizes for SRS in Table 4.17 and the design effects in Table 4.15. The
types of initial proportions of novice teachers over strata and the levels of correlation between
school size and the variable of interest were averaged. In this population, with sampling weight,
it seems that one cannot use SICSUP with the margin of error of .1 because the required sample
size is larger than the population size of 2,000. The minimum margin of error (the maximum
precision) that SICSUP can achieve is .2 in this population. Therefore, under this situation, for
SICSUP, drawing 761 novice teachers is recommended if the resources such as cost and time are
enough to carry out this sampling plan. If sampling weights are not used, the required sample

size for SICSUP is 622 given .2 margin of error.
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Table 4.18 Margin of Error for a Sample Mean and Required Sample Size for SICSUP, SICS,
and SC

Margin of Error Weighted Unweighted
SICSUP SICS SC SICSUP SICS SC
0.5 142 152 140 116 119 117
0.4 218 233 215 178 183 179
0.3 372 398 367 304 313 307
0.2 761 813 750 622 638 626
0.1 2018 2154 1992 1652 1695 1664

Figure 4.10 to Figure 4.12 illustrate the required sample sizes for SICSUP, SICS, and SC
as compared to the sample sizes for SRS. In the figures, the left and right panels represent (1)
weighted samples and (2) unweighted samples. The top, middle, and bottom panels represent (a)
initial proportion based on data, (b) informal estimate based on school proportions, and (c)
informal estimate based on equal proportions, respectively. In the figures, the dotted line in black

represents the number of SRS samples that can achieve the given margin of error.
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Figure 4.10 Margin of Error for a Sample Mean and Required Sample Size for SICSUP, SICS,
and SC under the Condition of p = .0
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Figure 4.11 Margin of Error for a Sample Mean and Required Sample Size for SICSUP, SICS,
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Figure 4.12 Margin of Error for a Sample Mean and Required Sample Size for SICSUP, SICS,
and SC under the Condition of p = .7
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All three figures reveal that as the margin of error increases, the required sample size
decreases. In order to achieve the margin of error of .1, SICSUP as well as SICS and SC needs
large sample sizes, close to or larger than the population size of 2,000. Therefore, it seems
impossible to achieve .1 margin of error in this population. The required sample size decreases
rapidly as the margin of error increases.

For some conditions, SICSUP, SICS, and SC require similar number of sample size. For
example, under the condition of p = .0, informal estimate based on school proportions, and
unweighted sample (b2 of Figure 4.10), the three lines are almost overlapped each other. This
implies that one can use SICSUP and SC together for their survey with the same sample size, and
the samples of SICSUP and SC would provide similar precision in estimating the mean.

Unlike the cases mentioned above, under some conditions, there are visible differences in
sample sizes among SICSUP, SICS, and SC. Under the three conditions of p = .0, initial
proportions based on data, and unweighted sample (a2 of Figure 4.10),p = .4, initial proportions
based on data, and weighted sample (al of Figure 4.11), and p = .4, informal estimate based on
school proportions, and weighted sample (b1 of Figure 4.11), SICSUP requires less samples than
SC does. On the other hand, under the two conditions of p = .4, informal estimate based on
school proportions, and weighted or unweighted samples (b1 and b2 of Figure 4.12), SICSUP
requires more samples than SC.

In line with the findings presented thus far in this section, in order to apply SICSUP to
this population of novice teachers, the sample sizes of about 760 and 620 seem the best choices
with and without sampling weight, respectively, in terms of estimation precision. However, one
should pay attention to the type of initial proportions of novice teachers over strata that are used

for SICSUP and the correlation between school size and the variable of interest because they
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may influence the expected estimation precision either of positively or negatively given the
sample size.
4.3 Research Question 3

The third research question is about whether SICSUP works well in terms of estimating
group difference. For each of the five selected countries, 10 sets of samples were taken in order
to estimate the population mean. In addition to means, standard errors were also estimated using
the jackknife estimator with original strata and the BRR estimator with pseudo-strata. This
section provides the results of 95% confidence interval coverage probabilities and rankings of
the five countries based on the estimated means.

As shown in Table 4.19, the three sample designs tend to estimate the mean well for all
countries. It was assumed that the approximate design effects of SICSUP, SICS, and SC for the
populations are less than three for all countries, so the sample size of 600 could achieve the
margin of error, .3. It seems that all estimates regardless of simulation condition, sample design,

and country achieve the margin of error, .3.

Table 4.19 Sample Means by Country

Country  Population mean With Weight Without Weight
SICSUP  SICS SC SICSUP  SICS SC
Initial Proportions Based on Data
Country 1 12.37 12.35 12.35 12.43 12.35 12.35 12.40
Country 2 11.31 11.23 11.21 11.18 11.33 11.32 11.29
Country 3 11.46 11.40 11.44 11.39 11.44 11.48 11.45
Country 4 11.70 11.78 11.72 11.73 11.71 11.68 11.68
Country 5 11.92 11.93 11.88 11.90 11.92 11.88 11.90
Informal Estimate Based on School Proportions
Country 1 12.37 12.32 12.37 12.33 12.31 12.36 12.34
Country 2 11.31 11.19 11.22 11.20 11.30 11.31 11.31
Country 3 11.46 11.44 11.40 11.43 11.51 11.46 11.49
Country 4 11.70 11.76 11.74 11.74 11.70 11.71 11.69
Country 5 11.92 11.90 11.95 11.89 11.91 11.95 11.89
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4.3.1 Confidence Interval Coverage Probability

Confidence interval coverage probability at a 95% confidence level was investigated (see
Table 4.20 and Table 4.21). In general, SICSUP works slightly better than SC in terms of
confidence interval coverage probability.

Country 1 has the highest proportion of schools with no novice teacher among the five
countries, meaning the rarest population. SICSUP is supposed to work well with this type of
populations, and it did for country 1. Under the condition of initial proportions based on data, the
coverage probability is 1.0; under the condition of informal estimate based on school
proportions, the coverage probability is still 1.0 while the corresponding coverage probabilities
in SC are 1.0 and .8, respectively.

For country 2, SICSUP did not work well under the condition of informal estimate based
on school proportions, with the low coverage probability of .5 with weight. Why did this
happen? A possible reason is that country 2 has only two strata (public or private), and there is
quite difference in stratum mean, 11.08 for novice teachers in public schools and 11.78 for those
in private schools. In the population, about 67% of novice teachers are in public schools and 33%
are in private schools. If the updating process of SICSUP produces adjusted proportions which
are different from those in the population, SICSUP would not work well in terms of estimating
mean.

With respect to type of standard error estimator, in general, the jackknife estimator
performed better than the BRR estimator. In SICSUP samples, the jackknife estimator works
slightly better than the BRR estimator, but the difference is not substantial. However, in SC
samples, the difference in coverage probability is clearer for some countries. For instance, the

coverage probabilities for country 1 under the condition of informal estimate based on school
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proportions are .8 with the jackknife estimator and .3 with the BRR estimator (or .9 and .5
without weight). It seems that the BRR estimator underestimated the standard errors, so they
reduced the range of 95% confidence interval and caused the low coverage probability as

compared to the other.

Table 4.20 Coverage Probability of Confidence Interval for the Country Mean Using Weighted
Samples

Country Jackknife BRR
SICSUP SICS SC SICSUP SICS SC
Initial Proportions Based on Data
1 1.0 1.0 1.0 1.0 1.0 1.0
2 0.9 0.9 0.7 0.9 0.9 0.7
3 1.0 1.0 0.9 1.0 1.0 0.9
4 0.8 0.9 0.7 0.8 0.9 0.7
5 0.9 1.0 1.0 0.9 1.0 1.0
Informal Estimate Based on School Proportions

1 1.0 0.9 0.8 0.9 0.6 0.3
2 0.5 0.8 0.8 0.5 0.6 0.5
3 1.0 1.0 1.0 0.8 0.5 0.9
4 0.9 0.9 0.8 0.7 0.7 0.7
5 1.0 0.9 1.0 1.0 0.6 1.0
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Table 4.21 Coverage Probability of Confidence Interval for the Country Mean Using
Unweighted Samples

Country Jackknife BRR
SICSUP SICS SC SICSUP SICS SC
Initial Proportions Based on Data
1 1.0 1.0 1.0 1.0 1.0 1.0
2 1.0 0.8 0.9 1.0 0.8 0.9
3 0.9 1.0 1.0 0.9 1.0 1.0
4 0.9 1.0 1.0 0.9 1.0 1.0
5 0.9 1.0 1.0 0.9 1.0 1.0
Informal Estimate Based on School Proportions

1 1.0 0.9 0.9 0.6 0.6 0.5
2 0.9 0.9 1.0 0.5 0.8 0.8
3 0.9 0.9 0.9 0.7 0.8 0.8
4 1.0 1.0 1.0 0.9 1.0 0.8
5 1.0 0.9 1.0 1.0 0.8 0.9

4.3.2 Rank Order of Five Countries

Table 4.22 gives the coverage probabilities of producing country rankings that are
identical with the rankings based on the population means using the samples of SICSUP, SICS,
SC, and the combination of SICSUP and SC. From the second to fourth columns in Table 4.22
represent that a single sample design was applied to all five countries; the last column represents
that either of SICSUP or SC was applied to the five countries. Specifically, country 1, 4, and 5
drew samples using SICSUP; country 2 and 3 drew samples using SC. In the populations,
country 1 has the highest mean, and county 2 has the lowest mean. The rank order of the five
countries is as follows: country 1, country 5, country 4, country 3, and country 2.

As shown in Table 4.22, with weighted samples, SICSUP works as well as SC regardless
of type of initial proportions used. Under the condition of initial proportions based on data,
SICSUP performs slightly better than SC in terms of coverage probability: .9 for SICSUP and .8

for SC.
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An interesting finding is the coverage probabilities based on the combination of two
sample designs. Under the condition of informal estimate based on school proportions, the
combination works as well as the cases in which a single sample design was used. On the other
hand, under the condition of initial proportions based on data, the weighted samples from the
combination works slightly worse than those from SICSUP: .8 for the combination and .9 for
SICSUP. The coverage probability of the combination is equal to that of SC. This result suggests
that SICSUP might be advantageous for all five countries in terms of estimating country
rankings.

Given the weighted samples, having informal estimate of proportions of novice teachers
over strata at the beginning of the sampling procedure does not cause a significant impact upon
the coverage probability of rankings as compared to the coverage probability of population
means. Under that condition, the difference in coverage probability of rankings between SICSUP
and SC is smaller than that of population means. In terms of differentiating countries, SICSUP
works as well as SC under that condition. Thus, the combination of SICSUP and SC produced

the identical coverage probability with the cases in which SICSUP or SC was used alone.

Table 4.22 Rates of Producing Rankings That Are Identical with the Rankings Based on the
Population Means Using SICSUP, SICS, SC, and the Combination of Two Designs

Weight SICSUP SICS SC Combination
Initial Proportions Based on Data
With Weight 0.9 1 0.8 0.8
Without Weight 0.7 0.9 0.9 0.8
Informal Estimate Based on School Proportions
With Weight 0.9 0.9 0.9 0.9
Without Weight 0.9 0.9 0.9 0.9
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Figure 4.13 Estimated Means with 95% Confidence Interval by Country under the Condition of
Initial Proportions Based on Data and with Weight: The First Scenario

Figure 4.13 illustrates the population and sample means using the three sample designs,
with 95% confidence intervals under the condition of initial proportions based on data and
weighted samples. The jackknife estimator was used to compute standard errors. For all three
sample designs, each population mean falls into 95% confidence intervals of the estimates except
a single case (SICS samples in country 2). In addition, the three sample designs provide the
rankings that are identical with the rankings based on the population means. In this case, using
either of SICSUP or SC does not make any difference in rankings of the countries. This
illustrates the best scenario for all three sample designs and the combination with respect to

coverage of the population means and country rankings.
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Figure 4.14 Estimated Means with 95% Confidence Interval by Country under the Condition of
Informal Estimate of Proportions Based on School Proportion and with Weight: The Second
Scenario

Figure 4.14 shows the sample means with 95% confidence intervals based on another set
of samples, and the jackknife estimator was used to compute standard errors. The results here are
quite different from those in the first scenario. For some countries, there are cases that the
population means do not fall into the 95% confidence interval of the sample mean, which
indicates hypothesis testing would reject the null hypothesis at a 95% confidence level. For
example, the sample means using SICSUP samples are significantly different from the
parameters for country 5 and 4. The sample means using SC samples are significantly different

from the parameters for most of the countries including country 2 to 5.
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It is interesting to observe that the rankings of countries based on SICSUP samples are
identical with those based on the population means even though some of the sample means are
not very accurate. That is not the case when SC was used. For the samples of SC, the rankings
are different from those based on the population means. The combination of SICSUP and SC
provides the rankings that are identical with those based on the population means.

These results imply that rankings should be interpreted with caution although they are
frequently reported as results of national or international surveys and assessments. For example,
when SICSUP is used, the sample means of country 4 and 5 are not statistically different from
each other at a 95% confidence level. However, their rank order positions are different. County 5
is ranked higher than country 4.

To sum, although there are some limitations, and the results should be interpreted
cautiously, in this scenario, SICSUP performs better than SC with respect to coverage of the

population means and country rankings.
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Figure 4.15 Estimated Means with 95% Confidence Interval by Country under the Condition of
Informal Estimate of Proportions Based on School Proportion: The Third Scenario

The results shown in Figure 4.15 illustrate another scenario that the sample designs do
not work well with the five countries. The simulation conditions here are exactly the same as
those in the second scenario. SICSUP here works slightly better than in the second scenario (see
the red circles and lines Figure 4.14). Only the population mean of country 4 does not fall into
the 95% confidence interval of the sample mean. SC here also works slightly better than those in
the second scenario. In two out of the five counties (country 1 and 3), the populations means do
not fall into the 95% confidence intervals of the sample means.

How about the rankings of the countries in this scenario? The rankings based on the
SICSUP samples are not identical with those based on the population means. That is the same for
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the combination of SICSUP and SC. On the other hand, the rankings based on SC are identical
with those based on the population means. If one focuses on the sample means for country 4 and
5 based on the SICSUP samples (see the red circles and lines in Figure 4.15), they are almost
equal to each other: 11.86 for country 4 and 11.85 for country 5. After rounding the sample
means to the nearest tenth, they become identical. The two countries might be the same in rank
depending on the decimal places reported. Because SICSUP is applied to country 4 and 5 when
the combination of two sample designs is used, the rankings under this combination are also not
identical with those based on the population means.

This scenario shows that although SICSUP performs slightly better than SC with respect
to coverage of the population means, it does not work as well as SC with respect to country
rankings.

Given the results presented thus far in this section, SICSUP functions as well as, or,
depending on the condition, slightly better than, SC in the rare populations across the five
countries with respect to coverage of the population means. That is the same with respect to
coverage of country rankings. However, the three scenarios mentioned in this section suggest
that country rankings should be interpreted with caution.

4.4  Research Question 4

The last research question evaluates the economic aspect of SICSUP, and comparisons of
SICSUP with SICS and SC were made on the basis of the number of contacted schools during
the sampling procedure and the number of schools in the final set of samples. The results in this

section are based on the 500 replications.
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4.4.1 Results Based on Dataset 1

Table 4.23 gives the numbers of contacted schools during the sampling procedure (n*)
and schools in the final set of samples (n) by sample size. For all sample sizes, SICSUP
contacted fewer schools than SICS and SC did. The numbers of schools in the final set of
samples are similar across the three sample designs. Therefore, the ratio of the schools in the
final set of samples to the number of contacted schools in SICSUP is higher than those in SICS
and SC, meaning SICSUP is more economical than these two sample designs. In SICSUP, 77%
of contacted schools were added to the final set of schools, 76% in SICS and 72% in SC. These
show that both of the updating process and sequential selection have a positive effect on the

reduction in the number of contacted schools in this population.

Table 4.23 Number of Contacted Schools and Schools in the Sample, Based on Dataset 1

SICSUP SICS SC
Sample Size ] i o+ 0 n N N =z
n n n
50 28.78 22.11 0.77 30.07 22.79 0.76 33.84 24.39 0.72
100 55.52  42.65 0.77 58.58 44.45 0.76 65.99 47.67 0.72

500 269.06 207.35 0.77 286.87 217.68 0.76 322.40 233.67 0.73
1000 536.52 413.39 0.77 572.02 434.08 0.76 636.88 464.02 0.73

Table 4.24 illustrates the difference in the number of contacted schools by using the ratio
of two sample designs. The second column of Table 4.24 presents the effect of updating process
and sequential selection on the number of contacted schools; the third column for the effect of
the updating process, and the last column for the effect of sequential selection. Small ratio values
indicate large effects on the number of contacted schools, meaning the sample design in the top
of the ratio is more beneficial than the sample design in the bottom of the ratio in terms of

economic aspect. Ratio equal to 1 indicates no effect on the number of contacted schools.
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The combination of the updating process and sequential selection is the most effective in
the reduction of the number of contacted schools, with the ratio of about .85. However, the third
column of Table 4.24 suggests that this effect might be mostly due to the sequential selection
rather than the updating process. The ratio in this column is close to 1, meaning that the updating
process reduced the number of contacted schools only slightly. The last column shows that the
sequential selection reduced the number of contacted schools by 10%. The ratios tend to be

constant across the different sample sizes.

Table 4.24 Difference in the Number of Contacted Schools, Based on Dataset 1

sample Size n;IC*SUP n;IfSUP ngics
Ngc Ngics Ngc

50 0.85 0.96 0.89

100 0.84 0.95 0.89
500 0.84 0.94 0.89
1000 0.84 0.94 0.90

112



Table 4.25 Number of Contacted Schools and Schools in the Sample by Strata, Based on Dataset
1

SICSUP SICS SC

m  Stra. n n n

n* n — n* n — n* n —

n n n
50 1 9.26 6.41 0.77 11.36 786 0.76 13.23 8.42 0.72
2 8.66 6.69 0.76 9.34 720 0.77 10.33 7.65 0.73
3 10.87 9.01 0.76 9.31 7.70 0.77 10.28 831 0.73
100 1 17.23 1197 0.76 2238 1556 0.76 2588 16.67 0.74
2 16.18 1241 0.76 18.01 1391 0.76 2023 1492 0.73
3 2211 1826 0.76 18.14 1499 0.76 19.88 16.08 0.73
500 1 8089 56.16 0.76 11017 7666 0.76 127.87 8247 0.73
2 7720 5951 0.76 88.30 68.12 0.76 9857 7316 0.74
3 11096 91.68 0.76 88.14 7285 0.76 9597 78.04 0.73
1000 1 16124 11178 0.76 22048 153.11 0.76 249.86 163.13 0.73
2 153.05 11788 0.76 17583 13557 0.76 196.38 145.68 0.73
3 22223 18373 0.76 17599 14543 0.76 190.63 155.22 0.74

Table 4.25 gives the numbers of contacted schools during the sampling procedure and
schools in the final set of samples by strata. Dataset 1 uses location of school, such as (1) rural,
(2) town, and (3) city, as stratification. Rural schools contain the smallest number of novice
teachers (20%), and city schools contain the largest number of novice teachers (55%). The ratios
of schools in the final set of samples to the contacted schools are constant across different sample
sizes. In SICSUP, stratum 3 (city) contacted the largest number of schools because this stratum
tended to have largest sample sizes as compared to the other strata. Stratum 1 (rural) seems to
contact more schools than stratum 2 (town) although the proportion of stratum 2 (25%) is
slightly larger than stratum 1 (20%). This is due to the large number of small schools in rural
area (stratum 1).

Unlike SICSUP, stratum 3 did not contacted more schools than the other strata in SICS

and SC. For all sample sizes, the first stratum (rural) contacted more schools than the other
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strata. If drawing novice teachers in rural schools is more expensive than that in town and city
schools, the larger number of contacted schools in this stratum might increase the resource
consumption in SICS and SC.

Some interesting results are found in Table 4.26. The ratios are quite different between
strata. In rural area, the effect of the updating process and sequential selection is substantial,
reducing the number of contacted schools by about 30% in SICSUP as compared to SC.
However, that is not the same in city. The combination of updating process and sequential
selection caused a negative effect, and SICSUP contacted more schools than SC did. The ratios
are greater than 1. Distance between schools in rural tends to be greater than that in city, and this
may increase the cost for sampling in rural area. If SICSUP requires fewer contacted schools
than SC in order to reach the predetermined sample size of elements especially in rural area,
SICSUP might significantly reduce the cost for sampling as compared to SC.

The similar pattern is observed in the fourth column of Table 4.26. In city, there are more
large schools than in rural or town. In other words, average school size in city is larger than that
in rural or town. These results suggest that SICSUP might not have advantages with large

schools or clusters.
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Table 4.26 Difference in the Number of Contacted Schools by Strata, Based on Dataset 1

Sample Size Location of Nsicsup Nsicsup Nsics
School nge Ncs nsc

50 Rural 0.73 0.85 0.86
Town 0.85 0.94 0.90

City 1.09 1.20 0.91

100 Rural 0.70 0.80 0.86
Town 0.81 0.91 0.89

City 1.15 1.27 0.91

500 Rural 0.66 0.77 0.86
Town 0.79 0.89 0.90

City 1.21 1.31 0.92

1000 Rural 0.67 0.77 0.88
Town 0.79 0.88 0.90

City 1.22 1.32 0.92
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Figure 4.16 Difference in the Number of Contacted Schools by Strata, Based on the Dataset 1

Figure 4.16 illustrates the difference in the number of contacted schools by strata. The
blue circles refer to the number of contacted schools in SICSUP and the red circles refer to the
number of contacted schools in SC. The gray area between the two lines represents the difference
in the number of contacted schools between SICSUP and SC. As the sample size increases, the

difference becomes greater, showing SC contacted many more schools than SICSUP did.
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However, the bottom panel of Figure 4.16 shows the opposite pattern. As the sample size
increases, SICSUP needed more schools to contact than SC did.

With respect to the amount of difference, expressed by gray area, the effect of the
updating process and sequential selection on the number of contacted schools is greatest in rural
area.

4.4.2 Results Based on Dataset 2

Given the sample size of 600, the numbers of contacted schools during the sampling
procedure by country are reported in Table 4.27. Country 1 has the rarest population, meaning a
large portion of schools (about 60%) does not have any novice teacher. Because of this fact,
country 1 contacted many more schools than the other countries, and the ratio of schools in the
final set of samples to contacted schools is very low, about 40% in SICSUP. This means that
more than a half of the contacted schools were discarded and researchers should keep contacting
schools in order to achieve the predetermined sample size of novice teachers. Country 2 also has
a fairly small portion of novice teachers in the general population, and about 30% of schools do
not contain any novice teacher. This leads country 2 to have the second-worst ratio among the
five countries, .68, .68, .64 for SICSUP, SICS, and SC, respectively. In SICSUP, only 68% of
the contacted schools were added to the final set of samples. Country 3 to 5 have relatively high
proportions of novice teachers in the general population, and around 77% of schools include at
least one novice teacher. Therefore, the ratios for these three countries are higher than country 1
and 2. In country 3 to 5, more than 70% of the contacted schools were added to the final set of

samples.
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Table 4.27 Number of Contacted Schools and Schools in the Sample, Based on Dataset 2

SICSUP SICS SC

CNT n n n
n* n — n* n — n* n —

97494 383.76 039 98184 389.85 040 1270.37 41396 0.33
374.11 255.03 0.68 373.83 25516 0.68 437.32 280.45 0.64
325.03 24199 0.74 336.94 24935 0.74 380.66 267.76 0.70
298.06 228.18 0.77 31110 23541 0.76 352.08 25193 0.72
261.90 206.06 0.79 276.27 21117 0.77 308.23 223.76  0.73
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Figure 4.17 Difference in the Number of Contacted Schools by Country: SC (Top Line) and
SICSUP (Bottom Line)

Figure 4.17 describes the difference in the number of contacted schools by the five
countries. For each box, the top line represents the number of contacted schools in SICSUP, and
the bottom line represents those in SC. Country 1 (CNT1) shows the biggest difference in the
number of contacted schools between SICSUP and SC as compared to the other countries does.
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Because of the high proportion of “blank™ schools, country 1 had to contact many more schools
than the other countries did.

For the five countries, the updating process of SICSUP seems not very beneficial while
the sequential process is fairly advantageous (see Table 4.28). The sequential selection reduced
the number of contacted schools by 10 to 20% depending on the country (see the last column in
Table 4.28). The third column describes the effect of the updating process on the number of
contacted schools, and the values are very close to 1, meaning no effect. For some countries, the
updating process was not helpful to reduce the number of contacted schools; for the other
countries, the updating process worked differently for each stratum, and the effects were

canceled out when it came to the whole sample.

Table 4.28 Difference in the Number of Contacted Schools, Based on Dataset 2

Country n},c# n;’fﬂ nEiCS

Ngc Nsics Ngc
Country 1 0.77 0.99 0.77
Country 2 0.86 1.00 0.85
Country 3 0.86 0.97 0.89
Country 4 0.85 0.96 0.88
Country 5 0.85 0.95 0.90

Table 4.29 and Table 4.30 provide detailed descriptions of what happened within each
stratum in each country. In country 1 (CNT1) with SICSUP, more than a half of the contacted
schools in stratum 1 to 3 were discarded because they were “blank” schools, meaning schools
with no novice teacher. There were less “blank” schools in stratum 4, and about a half of the
contacted schools were added to the final set of samples. Despite of these results, SICSUP is still
more economic than SC in country 1. SC discarded more schools than SICSUP did. The ratios in
Table 4.29 show that SICSUP is more economical than SC in country 1.
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Each of country 4 (CNT4) and 5 (CNT5) have relatively small stratum as compared to
others. For example, stratum 3 and 4 have very small proportions in country 4, and most of the
schools contain at least one novice teacher, meaning that novice teachers are not rare in such
stratum. The ratios in the three designs are almost identical with each other. In this situation,
sequential process and the updating process do not have substantial impact upon the reduction in
the number of contacted schools. This suggests that the updating process and sequential selection
is effective for rare populations, in which a large portion of clusters does not satisfy the selection

criterion.

Table 4.29 Number of Contacted Schools and Schools in the Sample by Strata, Based on Dataset
2

SICSUP SICS SC
CNT. n n n
St. n* n — n* n — n* n —
n n n
CNT1 1 61.78  20.74 034 4579 1526 033 6154 17.57 0.29
2 396.88 163.97 041 41575 17222 041 53416 181.76 0.34
3 369.69 120.76 0.33 366.49 119.98 0.33 485.79 129.50 0.27
4 146.59 7829 0.53 153.73 8192 0.53 188.87 85.14 0.5
CNT2 1 261.05 17143 066 263.17 173.03 0.66 310.52 190.78 0.61
2 113.06 8359 0.74 11217 82.81 0.74 126.81 89.67 0.71
CNT3 1 6458 4287 066 7725 5137 0.67 89.95 55.18 0.61
2 10159 7488 0.74 11474 8470 0.74 131.13 90.33 0.69
3 158.85 12425 0.78 144.03 112.83 0.78 159.57 122.26 0.77
CNT4 1 41.04 36,52 0.89 36.73 3248 0.88 39.01 34.34 0.88
2 107.08 7541 0.70 11494  80.75 0.70 132.53 87.27 0.66
3 13.23 1323 1.00 9.71 9.71 100 10.10 10.08 1.00
4 119.26 8728 0.73 13546  98.90 0.73 154.16 105.74 0.69
5 1744 1574 090 1542  13.85 090 16.23 1451 0.89
CNTS 1 43.99 2182 050 6028 30.10 0.50 74.91 3221 043
2 55.88 39.12 0.70 5950 4170 0.70 68.39 45.74 0.67
3 69.62 5743 082 6768 5581 0.82 73.13 59.52 0.81
4 2460 2441 099 2243 2224 099 2332 22.90 0.98
5 6781 6328 093 6540 61.10 0.93 68.49 63.39 0.93
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As shown in Table 4.30, in country 2 (CNT2), the number of contacted schools in
SICSUP is very similar with that in SICS with the ratios close to 1. This simply shows that the
updating process did not work well because there are only two strata in country 2. The updating
process is based on the proportions of novice teachers over strata. If there are only two strata, the
updated proportions may not make many changes to the initial sampling plan. Country 3 to 5
show the similar patterns. For some strata, the updating process was effective in reducing the
number of contacted schools, showing small ratios, while, for the others, it was not very
effective, showing large ratios (see the fourth column in Table 4.30). These differences disappear

when they are combined into the whole set of samples (see the third column in Table 4.28).

Table 4.30 Difference in the Number of Contacted Schools by Strata, Based on Dataset 2

Country Strata n;I(,;SUP n;IfSUP nEics
Ngc Nsics Ngc

Country 1 1 1.00 1.35 0.74
2 0.74 0.95 0.78

3 0.76 1.01 0.75

4 0.78 0.95 0.81

Country 2 1 0.84 0.99 0.85
2 0.89 1.01 0.88

Country 3 1 0.72 0.84 0.86
2 0.77 0.89 0.87

3 1.00 1.10 0.90

Country 4 1 1.05 1.12 0.94
2 0.81 0.93 0.87

3 1.31 1.36 0.97

4 0.77 0.88 0.88

5 1.07 1.13 0.95

Country 5 1 0.59 0.73 0.80
2 0.82 0.94 0.87

3 0.95 1.03 0.93

4 1.05 1.10 0.96

5 0.99 1.04 0.95
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4.4.3 Probability of Using Substitute Schools in SC

In addition to the three evaluation criteria including the number of contacted schools,
ratio of schools in the final set of samples to the contacted schools, and ratio of the contacted
schools between sample designs, the probability of using substitute schools in SC was
investigated. When cluster or multi-stage sample design is employed, surveys often prepare
substitute or replacement clusters in advance. For example, the replacement schools in the PISA
are the two neighboring schools of the initially sampled school in the sampling frame (OECD,
2017). These replacement schools are majorly due to non-response. In rare populations,
substitute schools are required because sampling units are hard to locate, and there is a high
proportion of “blank” clusters in such populations.

Timing is another important economic aspect when selecting a sample design for a
survey. Usually surveys have strict closeout dates and publication deadlines. If multiple sets of
substitute schools are necessary to reach the fixed sample size, it may take a long time and delay
the plan of the survey. This can be considered a disadvantage of SC over SICSUP and SICS.
Table 4.31 and Table 4.32 report the probability of using substitute schools in SC. As expected,
in general, more than 80% of sets of samples used substitute schools in order to reach the
predetermined sample size. In Table 4.32, for some countries, such as country 1, 4, and 5, almost
all sets of samples needed substitute schools.

Although these results do not directly provide evidence that SICSUP is economically
advantageous over SC, these suggest applications of alternative sample design instead of SC in

such rare populations, such as SICSUP.
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Table 4.31 Probability of Using Substitute Schools, Based on Dataset 1

Sample Size 50 100 500 1000

Probability of Using

Substitute Schools 0.83 0.85 0.87 0.85

Table 4.32 Probability of Using Substitute Schools, Based on Dataset 2

Sample Size CNT 1 CNT 2 CNT 3 CNT 4 CNT 5

Probability of Using

Substitute Schools 0.94 0.78 0.86 0.97 0.96

To sum, in general, SICSUP requires smaller number of contacted schools during the
sampling procedure in order to reach the predetermined sample size than SICS and SC do due to
the updating process and sequential selection. This suggests that SICSUP may be beneficial for

rare populations in terms of economic aspect as compared to SICS and SC.
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CHAPTER 5.

CONCLUSION AND DISCUSSION

5.1  Summary of Findings

The aim of this dissertation was twofold. Firstly, it attempted to investigate the
performance of stratified inverse cluster sampling with updating process (SICSUP) as compared
to that of stratified cluster sampling (SC) with respect to statistical and economic aspects. The
comparison was made because SICSUP was expected to serve as an alternative to SC for rare
populations in education. Secondly, it was an attempt to provide guidelines for applying SICSUP
to rare populations.

Based on these aims, the research questions were the following:

1. Does SICSUP work as well as SC regarding parameter estimation?

2. How can the appropriate sample size for SICSUP be determined?

3. Can the samples from SICSUP determine whether the means of groups are different

from each other?

4. 1s SICSUP more economic than SC?

The first to third research questions evaluated the statistical aspect of SICSUP, and the
last research question evaluated the economic aspect. From the simulation studies, four key
findings were drawn.

First, the results of simulation studies in Research Question lexamined the performance
of SICSUP with respect to the level of precision in estimating the population mean, the
population standard deviation, and standard error of the sample mean as compared to that of SC.

In terms of mean and standard deviation estimation, SICSUP worked as well as SC when

sample size was not very small (n > 100). SICSUP worked worse than SC under the condition of
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very small sample size (n = 50) and initial proportions of novice teachers based on data.
However, if informal estimates of proportions were used, SICSUP performed better than SC
even though the sample size was small. Although the updating process with small sample size is
not very helpful for estimating parameters, if researchers do not know the proportions of novice
teachers over strata in the population, the updating process at least provides some useful
information about the proportions.

In terms of standard error estimation, in general, SICSUP performed as well as SC except
with very small sample size (n = 50). With n = 50, SICSUP worked better or worse than SC
depending on the evaluation criteria and type of strata used.

The results of the simulation studies showed that the jackknife, bootstrap, BRR, and
Fay’s estimators provided similar standard errors in SICSUP. The difference in standard errors
among the four standard error estimators was not substantial. If one wants to choose one of them,
the choice of standard error estimator in SICSUP would depend on the type of strata used for
standard error estimators. When original strata were used, the jackknife estimator was slightly
better than the bootstrap estimator with very small sample size (n = 50). When pseudo-strata
were used, the BRR worked slightly better than the others when informal estimate based on
equal proportions was used. However, the difference among the four standard error estimators
was not great.

Second, the simulation studies in Research Question 2 suggested some guidelines for
sample-size determination for SICSUP. On average, the design effects based on the weighted
samples were around 2.30 and 2.21 in SICSUP and SC, respectively. The design effects based on
the samples without weight were around 1.86 and 1.89 in SICSUP and SC, respectively. These

results indicated that the desired sample size in SICSUP was 2.30 times larger than that in SRS
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with weight, or 1.86 times larger than that in SRS without weight, in order to produce estimates
as accurate as those in SRS. The required sample sizes in SICSUP were similar to those in SC.

Different margin of errors required different sample sizes. In the studied population, in
order to achieve the margin of error of .1, SICSUP as well as SC needed large sample sizes,
close to or larger than the population size of 2,000. Therefore, it seemed impractical or
impossible to achieve the margin of error of .1 in this population. The best choice of margin of
error in this population was the margin of error of .2, and hence, in SICSUP, the sample sizes of
about 760 and 620 seemed the best choices with and without sampling weight, respectively.
However, one should pay attention to type of initial proportions used and the correlation between
school size and the variable of interest because they may influence sample-size determination
either of positively or negatively.

Third, the study in Research Question 3 examined the performance of SICSUP for
multiple populations (e.g., statewide or international surveys) as compared that of SC with
respect to rankings. For each country, the population mean (or country mean) was estimated and
confidence interval coverage probability at a 95% confidence level was investigated. In general,
SICSUP worked slightly better than SC across the five countries in terms of confidence interval
coverage probability of the population mean. Especially, for the country with the highest
proportion of schools with no novice teacher, or the rarest population, among the five countries,
SICSUP worked fairly better than SC.

In terms of providing country rankings that are identical with those based on the
population means, SICSUP worked as well as or, depending on the condition, slightly better than
SC and the combination of SICSUP and SC. In Research Question 3, some interesting results

were found. For example, the sample means in SICSUP were not very accurate, but it was able to
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produce the county rankings that were identical with those based on the population means. This
also occurred when SC or the combination of SICSUP and SC was used. These results implied
that rankings should be interpreted with caution although they were frequently reported as results
of national or international surveys and assessments.

Last but not least, Research Question 4 evaluated the economic aspect of SICSUP in
terms of number of contacted schools in order to achieve the predetermined sample size as
compared to those in SC.

Based on the dataset in Research Question 1, SICSUP contacted fewer schools than SC
did. The numbers of schools in the final set of samples were similar between the two sample

designs. Thus, the ratio of the number of schools in the final set of samples to the number of

contacted schools during the sampling procedure, (F3choals in the final sample )y “showed that SICSUP

NCont acted schools

was more economical than SC. However, the different ratios by strata suggested that SICSUP
might not be advantages for populations with large clusters.

Based on the datasets in Research Question 3, SICSUP required smaller number of
contacted schools during the sampling procedure than SC did. However, the updating process of
SICSUP seemed not very beneficial while the sequential selection of SICSUP was fairly
advantageous. The sequential selection reduced the number of contacted schools by 10 to 20%
depending on the country examined. For some countries, the updating process of SICSUP was
not helpful to reduce the number of contacted schools (e.g., country with small number of strata);
for the other countries, the updating process worked differently for each stratum, and the effects
were canceled out when it came to the whole sample.

In this study, the probability of using substitute schools in SC was also investigated. As

expected, in general, more than 80% of sets of samples used substitute schools in order to reach
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the predetermined sample size. Although these results did not directly provide evidence that
SICSUP was economically advantageous over SC, these suggested applications of alternative
sample design instead of SC in rare populations, such as SICSUP.

The findings of the entire study reported that SICSUP worked at least as well as SC in
terms of statistic aspect and was more economic than SC. SICSUP was sensitive to sample size
and type of initial proportions of elements when it comes to parameter estimation. In terms of
economic aspect, it was sensitive to number of strata and average cluster size in the population.
The use of small number of strata or populations with large clusters could make SICSUP less
economic.

5.2  Implications

As societies become more complex and heterogeneous, the field of education also
becomes broader and more diverse. This leads growing interest in groups of individuals who
have not attracted enough educational practitioners and researchers’ attention, such as students
who share a distinctive culture or religion. Therefore, a substantial amount of studies have been
conducted with these groups of individuals. As such studies increase, new challenges arise.
Researchers who attempt to survey these groups of people often experience difficulty in locating
them. These groups of individuals, such as those who are in a distinctive culture or religion
group (e.g., migrant students), those who experienced a rare event (e.g., students who
experienced cyber harassment), and those who share a special characteristic (e.g., students with
special educational needs), are usually rare in the general populations and hence, hard to sample.
The common characteristic of the groups mentioned above is that they are students in schools.
This is the same for teachers in rare populations: they are found in schools. Researchers know

where to find these individuals in general, but they cannot exactly locate them. SICSUP could be
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advantageous especially to such situations. The simulation studies in this dissertation suggest
that SICSUP could provide results as precise as conventional SC would with contacting fewer
clusters, mostly schools.

Another advantage of SICSUP is the similarity in procedure to conventional SC. Both of
the designs use stratification and clusters. If researchers are familiar with SC, the procedure of
SICSUP would be easy to understand, and they may be less hesitant to give it a try as compared
to unfamiliar sample designs. The results of this dissertation indicate that SICSUP works as well
as SC. Existing educational surveys that have used SC can change their sample design to
SICSUP without facing many challenges. Existing statewide or international surveys can employ
SICSUP for a part of participating states or countries that have experienced difficulties due to
rarity of elements in their populations.

As its name indicates, SICSUP has a close relationship with adaptive sampling,
especially with inverse sampling. Adaptive sampling has a solid foundation within sampling
theory (Seber & Salehi, 2012; Thompson, 2002). There are well-established theories and sample
designs that are related to adaptive sampling, and inverse sampling is one of them. These well-
found bases would support SICSUP theoretically and may facilitate the understanding of
concepts of the updating process and sequential selection in SICSUP. At the same time, the
evaluation of SICSUP in this dissertation would contribute to the literature on adaptive sampling.
Despite of a good foundation and the popularity of adaptive sampling in sampling theory, it has
been hardly used in the field of educational research. SICSUP may be able to make a connection
between the two areas and encourage educational researchers to employ adaptive sampling

including SICSUP in their studies.
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5.3  Limitation and Future Research

This section briefly discusses limitations of the study and proposes some of the directions
for future research. First, a major limitation of this study is that the performance of SICSUP was
evaluated only based on the results from simulations with generated datasets. Although I tried to
generate datasets as realistic as possible using the TALIS2018 datasets, the results still lack in
realism. Future research needs to examine the performance of SICSUP with empirical datasets.
Since the development of SICSUP, it was used only once in practice for the field trial of
the FIRSTMATH (First Five Years of Mathematics) Study (Tatto et al., 2020). In addition to
simulation studies with real datasets, empirical evidence is required in order to evaluate the
performance of SICSUP.

Second, the simulation conditions that were examined in this dissertation were (1) sample
size, (2) type of initial proportions of elements over strata, (3) level of correlation between
cluster size and the variable of interest, and (4) number of strata. In surveys, response rate is one
of the important considerations. Response rates for surveys seem to decrease each year in general
(Tourangeau et al., 2014), and increasing non-responses have caused difficulties in operation of
survey, determination of sample size, and parameter estimation. With respect to rare populations,
response rates of some groups of individuals tend to be low (e.g., parents with very high or low
income). Evaluating the performance of SICSUP based on different levels of response rate would
be suggested for future research.

Third, the number of variable of interest used in this study was one for each population,
and mainly the population mean and standard deviation were estimated using SICSUP. In
practice, questionnaires, tests, and interview questions include many items, so the number of

variable of interest in surveys and assessments is more than one. Statistical factors such as
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estimation precision and required sample size tend to be different by variables of interest within
a survey (OECD, 2017, 2019). Future studies could evaluate SICSUP with multiple variable of
interest. Type of standard error estimator is also an important statistical consideration when
evaluating SICSUP. Along with the mean and standard deviation, different standard error
estimators such as ratio, regression coefficient, and plausible value could be examined in order to
evaluate the performance of SICSUP in terms of estimation precision.

Finally, future studies may explore how the point at which the updating process takes
place affects the performance of SICSUP. The updating process relies on current samples
collected to the updating point. If the size of the current samples is too small, the updating
process may not work well. Based on the dataset generated for the first research question, with n
= 50, some updating process occurred with few samples (less than 5 for a stratum), and such
cases usually failed to produce accurate proportions. Another factor that affects the updating
process is which stratum first reaches the initial sample size. With small sample size (e.g., n =
50), when the smallest stratum reached the initial sample size first, the updating process tended
to produce less accurate proportions than when the largest stratum reached first. These may be

topics for future research and provide directions to improve current SICSUP.
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Standard Error of the Sample Mean Using Samples without Weight

The estimated bias of a standard error estimator is the difference between the average of
standard error estimates from the 10 sets of samples and the empirical standard error. A positive
value indicates that the standard error estimator tends to overestimate the empirical standard
error and a negative value indicates that the standard error estimator tends to underestimate the
empirical standard error. The relative bias is the estimated bias divided by the empirical standard
error. Because an estimated bias can be a negative or positive value, the relative bias can also be

a negative or positive value.
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Table A.1 Estimated Bias for the Standard Error Estimators with Original Strata and without

Weight
n p OouJ Ol 0sJ ‘ ouB oIB OsB
Initial Proportions Based on Data
50 0.0 -0.03 0.02 0.01 -0.05 0.01 0.01
50 0.4 0.02 0.08 -0.03 0.02 0.07 -0.04
50 0.7 0.02 -0.02 0.00 0.01 -0.03 -0.01
100 0.0 -0.02 0.00 -0.02 -0.02 0.00 -0.02
100 0.4 0.01 0.01 0.00 0.00 0.00 -0.01
100 0.7 0.02 0.00 0.02 0.01 0.00 0.01
500 0.0 0.02 0.01 0.02 0.02 0.01 0.02
500 0.4 0.02 0.02 0.02 0.02 0.02 0.02
500 0.7 0.03 0.03 0.03 0.03 0.03 0.03
1000 0.0 0.03 0.03 0.03 0.03 0.03 0.03
1000 0.4 0.03 0.03 0.04 0.03 0.03 0.04
1000 0.7 0.04 0.04 0.04 0.04 0.04 0.04
Informal Estimate of Based on School Proportions
50 0.0 -0.02 -0.01 -0.03 -0.03 -0.01 -0.03
50 0.4 0.03 -0.02 0.00 0.03 -0.02 -0.01
50 0.7 0.01 0.02 0.05 0.00 0.02 0.05
100 0.0 0.01 0.00 -0.02 0.01 0.00 -0.02
100 0.4 -0.01 0.00 -0.01 -0.02 0.00 -0.01
100 0.7 -0.01 0.01 0.01 -0.01 0.00 0.00
500 0.0 0.02 0.02 0.02 0.02 0.02 0.02
500 0.4 0.02 0.03 0.02 0.02 0.03 0.02
500 0.7 0.03 0.02 0.02 0.03 0.02 0.02
1000 0.0 0.03 0.03 0.03 0.03 0.03 0.03
1000 0.4 0.03 0.04 0.04 0.03 0.04 0.04
1000 0.7 0.04 0.03 0.03 0.03 0.03 0.03
Informal Estimate Based on Equal Proportions
50 0.0 0.04 -0.02 -0.02 0.03 -0.02 -0.03
50 0.4 -0.02 0.04 0.02 -0.03 0.04 0.01
50 0.7 -0.03 0.01 -0.01 -0.04 0.01 -0.01
100 0.0 -0.01 -0.01 0.00 0.00 0.01 0.01
100 0.4 -0.01 -0.01 -0.01 -0.02 0.01 0.01
100 0.7 -0.01 -0.01 -0.05 -0.06 -0.01 -0.01
500 0.0 0.02 0.02 0.02 0.02 0.03 0.03
500 0.4 0.02 0.02 0.03 0.03 0.03 0.03
500 0.7 0.02 0.02 0.02 0.02 0.02 0.02
1000 0.0 0.03 0.03 0.03 0.03 0.04 0.04
1000 0.4 0.03 0.04 0.02 0.02 0.03 0.03
1000 0.7 0.03 0.03 0.03 0.03 0.04 0.04

134



Table A.2 Relative Bias of the Standard Error Estimators with Original Strata and without

Weight
n p ow On 0sJ ‘ OuB OB OsB
Initial Proportions Based on Data
50 0.0 -0.07 0.05 0.03 -0.11 0.02 0.01
50 0.4 0.05 0.17 -0.07 0.04 0.14 -0.08
50 0.7 0.03 -0.05 0.00 0.02 -0.05 -0.02
100 0.0 -0.06 0.02 -0.05 -0.07 0.01 -0.06
100 0.4 0.02 0.02 0.00 0.00 0.00 -0.02
100 0.7 0.05 0.00 0.04 0.02 0.00 0.04
500 0.0 0.16 0.11 0.17 0.17 0.10 0.16
500 0.4 0.17 0.13 0.15 0.17 0.13 0.16
500 0.7 0.18 0.21 0.19 0.19 0.21 0.18
1000 0.0 0.44 0.41 0.47 0.44 0.41 0.47
1000 0.4 0.40 0.38 0.48 0.38 0.37 0.49
1000 0.7 0.45 0.46 0.49 0.45 0.46 0.52
Informal Estimate Based on School Proportions
50 0.0 -0.04 -0.02 -0.06 -0.06 -0.02 -0.08
50 0.4 0.06 -0.04 0.01 0.06 -0.05 -0.02
50 0.7 0.01 0.05 0.11 -0.01 0.04 0.10
100 0.0 0.04 0.01 -0.06 0.03 0.00 -0.07
100 0.4 -0.04 0.00 -0.04 -0.05 -0.01 -0.04
100 0.7 -0.01 0.02 0.03 -0.01 0.00 0.01
500 0.0 0.19 0.13 0.13 0.18 0.14 0.13
500 0.4 0.15 0.21 0.16 0.13 0.21 0.15
500 0.7 0.20 0.15 0.17 0.23 0.15 0.18
1000 0.0 0.39 0.43 0.40 0.40 0.44 0.39
1000 0.4 0.43 0.47 0.52 0.42 0.47 0.51
1000 0.7 0.41 0.37 0.41 0.41 0.37 0.40
Informal Estimate Based on Equal Proportions
50 0.0 0.09 -0.05 -0.05 0.07 -0.06 -0.06
50 0.4 -0.05 0.09 0.05 -0.06 0.09 0.01
50 0.7 -0.06 0.02 -0.01 -0.08 0.02 -0.03
100 0.0 -0.02 -0.03 0.01 -0.01 0.04 0.04
100 0.4 -0.03 -0.04 -0.03 -0.04 0.02 0.02
100 0.7 -0.02 -0.03 -0.13 -0.14 -0.03 -0.03
500 0.0 0.17 0.18 0.14 0.16 0.22 0.22
500 0.4 0.16 0.15 0.17 0.18 0.25 0.23
500 0.7 0.17 0.18 0.11 0.10 0.18 0.17
1000 0.0 0.49 0.47 0.32 0.36 0.56 0.55
1000 0.4 0.48 0.50 0.26 0.25 0.50 0.48
1000 0.7 0.45 0.44 0.31 0.29 0.52 0.51
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Table A.3 Relative MSE for the Standard Error Estimators with Original Strata and Weight

n p ouJ (9N 0s) ‘ ouB OiB OsB
Initial Proportions Based on Data
50 0.0 0.07 0.04 0.04 0.08 0.05 0.03
50 0.4 0.04 0.06 0.03 0.04 0.05 0.03
50 0.7 0.01 0.02 0.02 0.01 0.02 0.03
100 0.0 0.02 0.01 0.02 0.01 0.02 0.02
100 0.4 0.03 0.02 0.01 0.03 0.03 0.01
100 0.7 0.02 0.01 0.04 0.02 0.01 0.04
500 0.0 0.03 0.02 0.03 0.03 0.02 0.03
500 0.4 0.03 0.02 0.03 0.04 0.02 0.03
500 0.7 0.04 0.05 0.04 0.04 0.05 0.04
1000 0.0 0.20 0.17 0.22 0.19 0.17 0.23
1000 0.4 0.16 0.15 0.23 0.14 0.14 0.24
1000 0.7 0.20 0.21 0.24 0.21 0.21 0.28
Informal Estimate Based on School Proportions
50 0.0 0.08 0.03 0.04 0.08 0.02 0.04
50 0.4 0.09 0.07 0.04 0.10 0.06 0.04
50 0.7 0.02 0.03 0.05 0.02 0.03 0.05
100 0.0 0.01 0.03 0.02 0.01 0.03 0.03
100 0.4 0.01 0.03 0.01 0.01 0.03 0.01
100 0.7 0.02 0.02 0.03 0.03 0.01 0.03
500 0.0 0.04 0.02 0.02 0.04 0.02 0.02
500 0.4 0.02 0.05 0.03 0.02 0.05 0.03
500 0.7 0.05 0.03 0.03 0.06 0.03 0.04
1000 0.0 0.16 0.18 0.17 0.16 0.19 0.16
1000 0.4 0.18 0.22 0.27 0.18 0.23 0.27
1000 0.7 0.17 0.14 0.17 0.17 0.15 0.16
Informal Estimate Based on Equal Proportions
50 0.0 0.05 0.03 0.04 0.04 0.02 0.04
50 0.4 0.05 0.07 0.04 0.05 0.05 0.03
50 0.7 0.05 0.07 0.03 0.04 0.06 0.02
100 0.0 0.02 0.02 0.03 0.03 0.02 0.02
100 0.4 0.02 0.02 0.04 0.03 0.01 0.01
100 0.7 0.02 0.02 0.05 0.05 0.01 0.01
500 0.0 0.04 0.04 0.04 0.05 0.06 0.06
500 0.4 0.03 0.03 0.05 0.05 0.07 0.06
500 0.7 0.04 0.04 0.02 0.02 0.04 0.04
1000 0.0 0.24 0.22 0.11 0.14 0.32 0.30
1000 0.4 0.23 0.26 0.07 0.07 0.25 0.24
1000 0.7 0.20 0.20 0.11 0.10 0.28 0.27
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Table A.4 Confidence Interval Coverage Probability of the Standard Error Estimators with
Original Strata and without Weight

n p ow on 0sJ ‘ OouB OiB OsB
Initial Proportions Based on Data
50 0.0 0.90 1.00 0.90 0.90 1.00 0.90
50 0.4 0.90 0.70 0.90 0.90 0.70 0.90
50 0.7 0.80 0.90 0.90 0.80 0.90 0.90
100 0.0 0.90 1.00 1.00 0.90 1.00 1.00
100 0.4 0.90 0.90 0.90 0.90 0.90 0.90
100 0.7 1.00 0.90 1.00 1.00 0.90 1.00
500 0.0 0.80 1.00 1.00 0.80 1.00 1.00
500 0.4 1.00 0.90 1.00 0.90 0.90 1.00
500 0.7 0.90 1.00 1.00 0.90 1.00 1.00
1000 0.0 1.00 1.00 0.90 1.00 1.00 0.90
1000 0.4 0.90 1.00 1.00 0.90 1.00 1.00
1000 0.7 1.00 0.90 1.00 1.00 0.90 1.00
Informal Estimate Based on School Proportions
50 0.0 1.00 0.90 0.80 1.00 0.90 0.80
50 0.4 0.90 1.00 0.80 0.90 0.90 0.80
50 0.7 1.00 0.90 1.00 1.00 0.90 1.00
100 0.0 0.80 1.00 1.00 0.80 1.00 0.90
100 0.4 0.80 0.90 0.90 0.80 0.90 0.90
100 0.7 0.90 1.00 0.80 0.90 1.00 0.80
500 0.0 1.00 0.90 1.00 1.00 0.90 1.00
500 0.4 0.90 1.00 1.00 0.90 1.00 0.90
500 0.7 1.00 0.90 0.90 1.00 0.90 1.00
1000 0.0 1.00 1.00 1.00 1.00 1.00 1.00
1000 0.4 1.00 1.00 1.00 1.00 1.00 1.00
1000 0.7 0.90 1.00 0.90 0.90 1.00 0.90
Informal Estimate Based on Equal Proportions
50 0.0 1.00 0.90 1.00 1.00 0.90 1.00
50 0.4 0.90 0.90 0.90 0.90 0.90 0.90
50 0.7 0.80 0.90 0.90 0.80 0.90 0.90
100 0.0 1.00 1.00 1.00 1.00 1.00 1.00
100 0.4 1.00 1.00 1.00 1.00 1.00 1.00
100 0.7 1.00 1.00 1.00 1.00 1.00 1.00
500 0.0 0.90 0.90 1.00 1.00 1.00 1.00
500 0.4 1.00 1.00 0.80 0.80 0.90 0.90
500 0.7 0.90 0.80 1.00 1.00 1.00 1.00
1000 0.0 1.00 1.00 1.00 1.00 1.00 1.00
1000 0.4 1.00 1.00 0.90 1.00 1.00 1.00
1000 0.7 0.90 0.90 1.00 1.00 1.00 1.00
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Table A.5 Estimated Bias of the Standard Error Estimators with Pseudo-Strata and without

Weight

n P Ow O OsJ ‘ ous OiB OsB | OUR OIR OSsR ‘ OUF OIF OSsF

Initial Proportions Based on Data

50 0.0 -0.13 -0.04 -0.09|-0.13 -0.04 -0.09|-0.13 -0.04 -0.08|-0.13 -0.04 -0.09
50 04 0.05 -0.02 -0.10{ 0.05 -0.02 -0.09| 0.05 -0.01 -0.10| 0.05 -0.01 -0.10
50 0.7 -0.12 -0.09 -0.02|-0.12 -0.09 -0.03|-0.12 -0.09 -0.02|-0.12 -0.09 -0.02
100 0.0 -0.09 -0.09 -0.06|-0.09 -0.09 -0.06|-0.09 -0.09 -0.06|-0.09 -0.09 -0.06
100 0.4 -0.05 -0.04 -0.06|-0.04 -0.04 -0.06|-0.05 -0.04 -0.06|-0.05 -0.04 -0.06
100 0.7 -0.03 -0.05 -0.07|-0.03 -0.05 -0.07|-0.03 -0.05 -0.07|-0.03 -0.05 -0.07
500 0.0 -0.03 -0.04 -0.03|-0.03 -0.04 -0.03|-0.03 -0.04 -0.03|-0.03 -0.04 -0.03
500 0.4 -0.04 -0.03 -0.03|-0.04 -0.03 -0.03|-0.04 -0.03 -0.03|-0.04 -0.03 -0.03
500 0.7 -0.05 -0.06 -0.04|-0.05 -0.06 -0.04|-0.05 -0.06 -0.04|-0.05 -0.06 -0.04
1000 0.0 -0.02 -0.03 -0.01|-0.02 -0.03 -0.01|-0.02 -0.03 -0.01|-0.02 -0.03 -0.01
1000 0.4 -0.02 -0.03 -0.02|-0.03 -0.03 -0.01|-0.02 -0.03 -0.02|-0.02 -0.03 -0.02
1000 0.7 -0.03 -0.03 -0.02|-0.03 -0.03 -0.02| -0.03 -0.03 -0.02| -0.03 -0.03 -0.02

Informal Estimate Based on School Proportions

50 0.0 -0.13 -0.10 -0.10|-0.14 -0.10 -0.10|-0.13 -0.10 -0.09|-0.13 -0.10 -0.09
50 04 -0.11 -0.08 -0.06|-0.12 -0.08 -0.07|-0.11 -0.08 -0.06|-0.11 -0.08 -0.06
50 0.7 -0.10 0.00 0.05|-0.10 0.00 0.05|-0.10 0.00 0.05|-0.10 0.00 0.05
100 0.0 -0.07 -0.03 -0.06|-0.06 -0.03 -0.06|-0.07 -0.03 -0.06|-0.07 -0.03 -0.06
100 0.4 -0.08 -0.02 -0.05|-0.08 -0.02 -0.05|-0.08 -0.02 -0.05|-0.08 -0.02 -0.05
100 0.7 -0.02 -0.04 -0.07|-0.02 -0.04 -0.06|-0.02 -0.04 -0.07|-0.02 -0.04 -0.07
500 0.0 -0.04 -0.04 -0.02|-0.04 -0.04 -0.02|-0.04 -0.04 -0.02|-0.04 -0.04 -0.02
500 0.4 -0.04 -0.04 -0.04|-0.03 -0.04 -0.04|-0.04 -0.04 -0.04|-0.04 -0.04 -0.04
500 0.7 -0.04 -0.04 -0.04|-0.04 -0.04 -0.04|-0.04 -0.04 -0.04|-0.04 -0.04 -0.04
1000 0.0 -0.02 -0.01 -0.01|-0.02 -0.01 -0.01|-0.02 -0.01 -0.01|-0.02 -0.01 -0.01
1000 0.4 -0.02 -0.02 -0.01|-0.02 -0.02 -0.01|-0.02 -0.02 -0.01|-0.02 -0.02 -0.01
1000 0.7 -0.03 -0.03 -0.03|-0.03 -0.03 -0.03| -0.03 -0.03 -0.03| -0.03 -0.03 -0.03

Informal Estimate Based on Equal Proportions

50 0.0 -0.03 -0.07 -0.07|-0.03 -0.07 -0.07|-0.03 -0.07 -0.07|-0.03 -0.07 -0.07
50 04 -0.08 -0.06 -0.03|-0.08 -0.06 -0.03|-0.08 -0.05 -0.03|-0.08 -0.06 -0.03
50 0.7 -0.10 -0.06 -0.03|-0.10 -0.06 -0.03|-0.10 -0.07 -0.03|-0.10 -0.07 -0.03
100 0.0 -0.07 -0.07 -0.07|-0.07 -0.04 -0.04|-0.03 -0.04 -0.02|-0.02 -0.02 -0.02
100 0.4 -0.05 -0.05 -0.05|-0.05 -0.05 -0.05|-0.05 -0.05 -0.04|-0.04 -0.04 -0.04
100 0.7 -0.04 -0.04 -0.04|-0.04 -0.09 -0.09|-0.09 -0.09 -0.05|-0.05 -0.05 -0.05
500 0.0 -0.02 -0.02 -0.02|-0.02 -0.03 -0.04|-0.03 -0.03 -0.02|-0.02 -0.02 -0.02
500 0.4 -0.04 -0.04 -0.04|-0.04 -0.03 -0.03|-0.03 -0.03 -0.02|-0.02 -0.02 -0.02
500 0.7 -0.05 -0.05 -0.05|-0.05 -0.06 -0.06|-0.06 -0.06 -0.04|-0.04 -0.04 -0.04
1000 0.0 -0.01 -0.01 -0.01|-0.01 -0.01 -0.01|-0.01 -0.01 0.00| 0.00 0.00 0.00
1000 0.4 -0.02 -0.02 -0.02|-0.02 -0.02 -0.02|-0.02 -0.02 -0.01|-0.01 -0.01 -0.01
1000 0.7 -0.03 -0.03 -0.03|-0.03 -0.04 -0.04|-0.04 -0.04 -0.02|-0.02 -0.02 -0.02
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Table A.6 Relative Bias of the Standard Error Estimators with Pseudo-Strata and without Weight

n P (W) (9N OsJ ouB OB OsB OUR OIR Osr OUF OIF OsF
Initial Proportions Based on Data
50 0.0 -0.29 -0.08 -0.21|-0.29 -0.09 -0.20| -0.28 -0.08 -0.17|-0.29 -0.09 -0.21
50 04 010 -0.04 -0.20| 0.10 -0.03 -0.20| 0.09 -0.01 -0.20( 0.09 -0.03 -0.20
50 0.7 -0.23 -0.18 -0.05| -0.23 -0.18 -0.05| -0.23 -0.18 -0.05| -0.23 -0.18 -0.05
100 0.0 -0.28 -0.29 -0.18| -0.28 -0.29 -0.18| -0.28 -0.28 -0.18| -0.28 -0.29 -0.18
100 04 -0.14 -0.11 -0.19|-0.13 -0.10 -0.18|-0.13 -0.11 -0.19| -0.13 -0.11 -0.19
100 0.7 -0.07 -0.13 -0.19|-0.07 -0.13 -0.20| -0.07 -0.13 -0.19| -0.07 -0.13 -0.19
500 0.0 -0.26 -0.32 -0.25|-0.26 -0.32 -0.24| -0.26 -0.32 -0.25| -0.26 -0.32 -0.25
500 0.4 -0.27 -0.25 -0.23|-0.27 -0.25 -0.25| -0.27 -0.25 -0.23| -0.28 -0.25 -0.23
500 0.7 -0.31 -0.43 -0.28|-0.31 -0.43 -0.28| -0.31 -0.43 -0.27| -0.31 -0.42 -0.27
1000 0.0 -0.29 -0.33 -0.19|-0.29 -0.33 -0.20| -0.29 -0.33 -0.20| -0.30 -0.33 -0.20
1000 04 -0.30 -0.32 -0.21|-0.31 -0.32 -0.20| -0.30 -0.32 -0.21| -0.31 -0.32 -0.21
1000 0.7 -0.35 -0.38 -0.29| -0.34 -0.38 -0.30| -0.34 -0.38 -0.29| -0.34 -0.38 -0.29
Informal Estimate Based on School Proportions
50 0.0 -0.29 -0.22 -0.22| -0.30 -0.21 -0.22| -0.28 -0.22 -0.21|-0.28 -0.22 -0.22
50 04 -0.23 -0.17 -0.14| -0.24 -0.17 -0.15|-0.23 -0.16 -0.13|-0.23 -0.17 -0.14
50 0.7 -020 0.01 0.10|-0.20 0.01 0.10|-0.19 0.00 0.10(-0.19 0.01 0.10
100 0.0 -0.20 -0.10 -0.20| -0.19 -0.10 -0.19|-0.20 -0.09 -0.20| -0.20 -0.09 -0.20
100 04 -0.22 -0.06 -0.16|-0.22 -0.06 -0.16|-0.22 -0.06 -0.16|-0.22 -0.06 -0.16
100 0.7 -0.06 -0.12 -0.20| -0.06 -0.11 -0.18| -0.06 -0.11 -0.20| -0.06 -0.12 -0.20
500 0.0 -0.28 -0.31 -0.19|-0.29 -0.32 -0.19|-0.29 -0.31 -0.20| -0.29 -0.31 -0.20
500 0.4 -0.25 -0.27 -0.28|-0.24 -0.28 -0.28| -0.25 -0.27 -0.28| -0.26 -0.27 -0.28
500 0.7 -0.30 -0.31 -0.31|-0.30 -0.30 -0.33|-0.30 -0.31 -0.31|-0.30 -0.31 -0.32
1000 0.0 -0.20 -0.19 -0.22|-0.21 -0.19 -0.21|-0.20 -0.19 -0.21| -0.20 -0.18 -0.21
1000 04 -0.27 -0.27 -0.13|-0.25 -0.27 -0.11| -0.26 -0.27 -0.13| -0.27 -0.27 -0.13
1000 0.7 -0.36 -0.31 -0.34|-0.36 -0.31 -0.36| -0.36 -0.31 -0.34| -0.36 -0.31 -0.34
Informal Estimate Based on Equal Proportions
50 0.0 -0.07 -0.17 -0.17|-0.07 -0.15 -0.16| -0.08 -0.16 -0.17|-0.07 -0.17 -0.17
50 04 -0.17 -0.12 -0.07|-0.17 -0.12 -0.06| -0.17 -0.12 -0.07|-0.17 -0.12 -0.07
50 0.7 -0.18 -0.13 -0.07|-0.18 -0.13 -0.07| -0.19 -0.14 -0.07|-0.19 -0.14 -0.07
100 0.0 -0.23 -0.21 -0.23|-0.23 -0.10 -0.10| -0.10 -0.10 -0.08| -0.08 -0.08 -0.08
100 04 -0.15 -0.14 -0.14|-0.15 -0.14 -0.14|-0.14 -0.14 -0.11|-0.11 -0.11 -0.11
100 0.7 -0.13 -0.12 -0.13|-0.13 -0.23 -0.23| -0.22 -0.23 -0.16| -0.16 -0.16 -0.16
500 0.0 -0.20 -0.20 -0.20| -0.20 -0.23 -0.25| -0.23 -0.23 -0.17| -0.16 -0.17 -0.17
500 04 -032 -0.32 -0.32|-0.32 -0.19 -0.20| -0.19 -0.19 -0.14| -0.12 -0.14 -0.14
500 0.7 -0.40 -0.40 -0.40|-0.40 -0.34 -0.35|-0.34 -0.34 -0.32| -0.32 -0.32 -0.32
1000 0.0 -0.17 -0.18 -0.17|-0.17 -0.17 -0.16| -0.17 -0.17 -0.06| -0.07 -0.06 -0.06
1000 0.4 -0.23 -0.23 -0.23|-0.23 -0.26 -0.26| -0.26 -0.26 -0.11| -0.10 -0.11 -0.11
1000 0.7 -0.35 -0.36 -0.35|-0.35 -0.37 -0.37|-0.37 -0.37 -0.28| -0.28 -0.28 -0.28
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Table A.7 Relative MSE of the Standard Error Estimators with Pseudo-Strata and without
Weight

n P ow (9N Gs) GuB GiB GsB Gur GIrR GOsr GUF OIF GsF
Initial Proportions Based on Data
50 00 015 0.05 008 | 0.15 0.05 0.08| 015 0.04 0.10| 0.15 0.04 0.08
50 04 010 0.08 009|011 009 0.09| 010 0.09 0.09| 0.10 0.08 0.09
50 07 009 010 0.07|0.09 010 0.08| 0.09 0.10 0.07| 0.09 0.10 o0.07
100 00 0.10 0.10 0.06 | 0.09 0.10 0.05| 0.09 0.10 0.06| 0.09 0.10 0.06
100 04 0.06 0.06 0.04| 0.06 0.05 0.04| 0.06 0.05 0.04| 0.06 0.05 0.04
100 0.7 0.06 0.07 0.08| 0.07 0.06 0.08| 0.06 0.07 0.08| 0.06 0.07 0.08
500 00 0.08 011 o0.07| 008 0.11 0.07| 008 0.11 0.07| 0.08 0.11 0.07
500 04 0.09 007 0.06| 009 0.07 0.07|0.09 007 0.06| 020 0.07 0.06
500 0.7 011 020 0.09| 011 020 0.09| 011 0.20 0.09| 0.11 0.20 0.09
1000 0.0 0.10 0.12 0.05| 0.10 0.12 0.06| 0.10 0.12 0.05| 0.11 0.12 0.05
1000 04 0.10 011 005 0.11 0.11 0.04| 010 0.11 0.05| 011 0.1 0.05
1000 0.7 0.13 0.18 0.10| 0.13 0.18 0.10| 0.13 0.18 0.10| 0.13 0.18 0.10
Informal Estimate Based on School Proportions
50 00 016 0.07 009 0.16 0.06 0.09|0.15 0.07 0.09| 0.15 0.07 0.09
50 04 015 0.15 009 0.15 0.16 0.10| 0.15 0.15 0.09| 0.15 0.15 0.09
50 07 009 0.09 011|0.09 008 0.11|0.09 0.09 0.11] 009 0.09 0.11
100 0.0 0.07 0.06 0.07| 0.07 0.06 0.06| 0.07 0.07 0.07| 0.07 0.06 0.07
100 04 0.07 0.07 0.06 | 0.07 0.08 0.06| 0.07 0.07 0.06| 0.07 0.07 0.06
100 0.7 0.04 0.07 0.05| 0.04 0.08 0.05| 0.04 0.07 0.05| 0.04 0.07 0.05
500 0.0 010 011 0.05| 010 0.1 0.05| 0.10 0.11 0.05| 0.11 0.11 0.05
500 04 0.08 009 0.09| 008 0.09 009|0.08 0.09 0.09| 0.09 0.09 0.09
500 0.7 0.0 0.12 0.1 0.10 0.2 0.13| 010 0.12 0.12] 020 0.12 0.12
1000 0.0 0.05 0.05 0.06| 0.05 0.05 0.06| 0.05 0.05 0.06| 0.05 0.05 0.06
1000 0.4 0.09 0.09 0.02| 0.08 0.08 0.02|0.09 0.09 0.02| 0.09 0.09 0.02
1000 0.7 0.15 0.12 0.13| 0.15 0.11 0.14| 0.15 0.12 0.13| 0.16 0.12 0.13
Informal Estimate Based on Equal Proportions
50 00 0.06 0.07 009|0.06 007 0.09|0.06 0.07 0.09| 006 0.07 0.09
50 04 005 0.09 009|005 011 0.10| 0.05 0.10 0.09| 0.05 0.10 0.09
50 0.7 010 0.08 0.04|0.09 008 0.04| 0.10 0.08 0.04| 0.10 0.08 0.04
100 0.0 0.09 0.08 0.09| 0.09 0.06 0.07| 0.07 0.07 0.04| 0.05 0.05 0.05
100 04 0.07 0.07 0.07| 0.07 0.09 0.08| 0.09 0.09 0.04| 0.04 0.04 0.04
100 0.7 0.07 0.07 0.07| 007 0.11 0.10| 0.11 0.11 0.05| 0.05 0.05 0.05
500 0.0 0.07 0.07 0.07| 007 0.08 0.09| 0.08 0.08 0.05| 0.05 0.05 0.05
500 04 0212 012 0.12] 0.12 0.04 0.04| 0.04 0.04 0.02| 0.02 0.02 0.02
500 0.7 0.18 0.18 0.18| 0.18 0.13 0.14| 0.13 0.13 0.11] 011 0.11 o011
1000 0.0 0.05 0.05 0.05| 0.05 0.04 0.04| 0.04 0.04 0.02| 0.02 0.02 0.02
1000 0.4 0.06 0.07 0.06| 0.06 0.09 0.09| 0.09 0.09 0.02| 0.02 0.02 0.02
1000 0.7 0.14 0.15 0.14| 0.14 0.16 0.16| 0.16 0.16 0.09 | 0.09 0.09 0.09
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Table A.8 Confidence Interval Coverage Probability of the Standard Error Estimators with
Pseudo-Strata and without Weight

n P Ouw SN OsJ ‘ ouB OiB OsB | OUR OIR OSsR ‘ OUF OIF OsF

Initial Proportions Based on Data

50 00 080 090 080|080 090 0.80| 080 090 0.90| 0.80 0.90 0.80
50 04 09 070 090|090 0.70 0.80| 0.90 0.70 0.90| 0.90 0.70 0.90
50 0.7 080 090 060|080 090 0.60| 0.80 0.90 0.60| 0.80 0.90 0.60
100 0.0 080 070 090| 0.80 0.70 0.90| 0.80 0.70 0.90| 0.80 0.70 0.90
100 04 080 070 0.70| 0.80 0.70 0.80| 0.80 0.70 0.70| 0.80 0.70 0.70
100 0.7 100 090 090| 1.00 090 0.90| 1.00 090 0.90| 1.00 0.90 0.90
500 00 060 0.80 090|060 0.80 0.90| 0.0 0.80 0.90| 0.60 0.80 0.90
500 04 090 060 0.80| 090 0.60 0.80| 0.90 0.60 0.80| 0.90 0.60 0.80
500 0.7 050 0.80 0.80| 0.50 0.80 0.80| 0.50 0.80 0.80| 0.50 0.80 0.80
1000 0.0 0.80 090 0.70| 0.80 0.90 0.70| 0.80 0.90 0.70| 0.80 0.90 0.70
1000 04 0.70 0.70 040 0.70 0.70 0.40| 0.70 0.70 0.40/| 0.70 0.70 0.40
1000 0.7 0.50 0.50 0.60| 0.50 0.50 0.60| 0.50 0.50 0.60| 0.50 0.50 0.60

Informal Estimate Based on School Proportions

50 00 1.00 090 060|100 090 0.60| 1.00 090 0.60| 1.00 0.90 0.60
50 04 060 090 0.80|0.60 090 0.80| 0.60 0.90 0.80| 0.60 0.90 0.80
50 0.7 0.70 080 1.000.70 080 1.00| 0.70 0.80 1.00| 0.70 0.80 1.00
100 0.0 080 0.80 0.60| 0.80 0.80 0.60| 0.80 0.80 0.60| 0.80 0.80 0.60
100 04 0.70 090 090 0.80 090 0.90|0.70 090 0.90|0.70 0.90 0.90
100 0.7 090 1.00 080|090 100 0.80| 0.90 100 0.80|0.90 1.00 0.80
500 00 080 090 090|090 090 090 | 080 0.90 0.90 | 0.80 0.90 0.90
500 04 09 1.00 0.60| 090 1.00 0.60| 0.90 1.00 0.60| 0.90 1.00 0.60
500 0.7 080 0.80 050|080 0.80 050 0.80 0.80 0.50| 0.80 0.80 0.50
1000 00 0.80 0.70 1.00| 080 0.70 0.90| 0.80 0.70 1.00| 0.80 0.70 1.00
1000 04 100 080 090|100 0.80 0.90| 1.00 0.80 0.90| 1.00 0.80 0.90
1000 0.7 0.60 0.60 0.60| 0.60 0.60 0.60| 0.60 0.60 0.60| 0.60 0.60 0.60

Informal Estimate Based on Equal Proportions

50 0.0 100 09 100|100 090 1.00| 100 090 1.00| 100 0.90 1.00
50 04 090 090 090|090 090 090|090 09 0.90]| 0.9 0.90 0.90
50 0.7 070 080 090|070 080 090|070 0.80 0.90| 0.70 0.80 0.90
100 0.0 100 1.00 100 1.00 100 1.00| 1.00 100 1.00| 1.00 1.00 1.00
100 04 090 1.00 090|090 090 090|090 090 1.00| 1.00 100 1.00
100 0.7 090 090 090|090 100 100| 1.00 100 1.00| 1.00 100 1.00
500 00 080 0.80 0.80| 080 0.80 0.80| 0.80 0.80 0.80| 0.80 0.80 0.80
500 04 080 080 080|080 0.80 080|080 0.80 0.80| 0.80 0.80 0.80
500 0.7 070 0.70 0.70| 0.70 090 0.90| 090 0.90 0.90| 0.90 0.90 0.90
1000 00 090 090 090| 09 100 100|100 100 100|1.00 1.00 100
1000 04 100 100 1.00| 100 0.80 0.90| 0.80 0.80 0.90| 0.90 0.90 0.90
1000 0.7 0.80 0.80 0.80|0.80 0.70 0.70] 0.70 0.70 0.50] 0.50 0.50 0.50
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