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Chapter One 
Introduction

Sampling is an essential part of research in education 

and the social sciences. Researchers typically select 

subjects or participates from some finite group (a sample 
frame) and use the findings obtained from this group as an 

indication of how treatments might impact a larger group 
(target population). Researchers seek to generalize results 
obtained from experiments on samples to larger populations. 

The results obtained from sampling are generalizable to the 
extent that the sample reflects the population to which the 

results will be applied.
A sample estimate is biased if the average of all 

possible sample statistics are either larger or smaller than 

the population parameter. The amount of bias is defined as 

the difference between the average of all sample estimates 

and the value of the population parameter. The variance of 
an estimator is the averaged squared errors of estimation. 

The average is taken over all possible samples of a given 
size. The most desirable estimator is unbiased and the one 

with the smallest variance. For a given sample size an 

estimator that has a smaller mean squared error is more 
efficient. The sampling procedure that generates the 
smaller mean squared error is therefore the preferred 

method. Alternative sampling procedures can be used for 

error is therefore the preferred method. Alternative
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sampling procedures can be used for this purpose. Reducing 

error variance, and therefore increasing efficiency, is a 
primary concern of a researcher's sampling plan. The 

greater the efficiency the greater the chance the results 

obtained in research will generalize to the population of 

interest.
Underlying the generalizability theory is the 

assumption that the population being sampled is normally 

distributed. The t-test, the Analysis of Variance, and 
Regression Analysis assume a population variable that is 

normally distributed. Normality of distribution in 
education and social science research is not a given.
Several researchers (Boneau, 1960; Peck, Glass et al. 1972; 

Micceri, 1989) considered the impact of violation of the 

assumption of normality. Their research on real world data 
has shown that distributions are often skewed, lumpy, 
discrete masses with gaps, bimodal, Leptokurtic,

Platykurtic, exponential, or Hyper-geometric. Their 

collective findings suggest that many real world data sets 
are not normally distributed. Most researchers find that 
the violations most often encountered are not extreme enough 

to effect results. See for example, Boneau (1960) Glass 
Peckham et. al.(1972), Lindquist (1953), Scheffe (1959), Box 
(1953),Walker and Lev (1969) and Wright (1976). The 

alternatives offered by most researchers are:

1.) Increase sample size and the effects of the Central
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Limit theorem will tend to correct for the problem
2.) Use a nonparametric method which essentially ignores the

distribution at least in terms of Type I error.
The question in this study is how can sampling 

procedures minimize the effects of non-normal distributions 
when the violations are sufficiently large enough to affect 
results. In social science research two types of 

statistical inferences are made: hypotheses testing and 
estimation. This study will address issues related to 

hypotheses testing specifically, the effect on the t-test 
for independent means when sampling from non-normal 

distributions. The literature suggests that Type I errors 
are more likely when sampling from non-normal populations. 

Type I errors occur when the researcher mistakenly concludes 
that differences between mean are large enough to reject a 

null hypotheses of no difference. Type I errors in social 
science research usually suggest a treatment effect when no 

effect is present.
Type II errors occur when the researcher fails to 

reject a null hypotheses of no difference between 

measurements when there really is a difference.
Type II errors are a failure to find a treatment effect when 

one actually occurs.
This research will estimate the effect of non-normal 

distributions on Type I errors. The analysis will focus on 

quantifying the relationship between the degree of non-
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normality, sample design and Type I error rates.
This study will consider Simple Random sampling as the 

standard to which other sampling procedures can be measured 
against. Cluster, Stratified and Systematic sampling, are 
alternatives to Simple Random sampling. Simple Random 

sampling procedures select subjects at random by assigning 
based on any method that provides each potential subject 
with an equal chance of selection such as social security 
number, or random number generators. No attempt is made to 

subdivide the population of interest.
Cluster sampling is a sampling procedure that sub

divides the population of interest into clusters or groups 
that represent sub-groups in a larger population. Groups 

such as city blocks are clusters when the population of 

interest is a city. Schools are a cluster when the 
population of interest is a school district. School 

districts are a cluster when the population of interest is 
schools within a state. After the clusters are selected 
each element in each cluster is sampled.

Stratified sampling divides the population into non

overlapping strata or groups. These groups are divided 
based on some variable that the researcher believes will 

create homogeneous groups that will be similar in their 
response to the variable of interest. Demographics such as 

gender, age, and race are variables that can be used to 

create stratas. Any variable that tends to group subjects
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based on their response can also be used to create strata. 
The strata are assigned a weight based on their proportion 

in the population of interest..
Systematic sampling is done by assigning a number to 

each element in the population of interest and selecting 
every nth element. For example, if the population is 600 

and the sample size is determined to be 60, every tenth 
element is selected. These procedures are widely used in 
social science research. The question here is whether the 

use of Cluster, Stratified, Random, or Systematic Sampling 
lower error variance when sampling from non-normal 

populations.
The research methodology will be a Monte Carlo 

Simulation of non-normal population variables. These 

variables simulate population variables researchers 
typically encounter when sampling real world data. These 

distributions will be sampled by the random, systematic, 

stratified, and cluster sampling procedures. The t test 

will be used to compare the sample means and the population 

means. The rate of Type I error (rejection of the null 
hypotheses of no difference between sample means and 
population means) should be equal to or (.05 in this 

analysis). If the rejection rate is higher than 5%, 

inflated Type I errors are present.
This study compares plans based on the single sample t 

test. The t test will be used to compare the obtained means
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from sampling to the actual mean of the population 

distribution, since the mean and standard deviation are 

known.
Sample sizes will be determined by Cohen's (1988) power 

tables. Population variables will be introduced that have 
known levels of skew and kurtosis. This will give the 
researcher the ability to quantify the relationship between 
nonnormality (skew and Kurtosis) with specific Type I error 
rates. A table will be created to show this relationship.

One of the distributions will simulate the normal 
distribution. This distribution will be used to verify the 

internal validity of the simulation. When sampling this 
distribution the Random sampling procedure should yield 

results that approximate the true population parameter with 
approximately a (5% in this analysis) rejection of the null 

hypothesis.
Systematic Sampling will be done by sorting the 

population variable to achieve random order, and then 

numbering each element. Every nth element will be selected 
for the sample. Each successive sample will begin with 
random start based on random number selection.

Stratified sampling will be achieved by the use of a 
stratifying variable. This stratification creates groupings 

(stratas) that are as homogeneous as possible on measurement 
of the variable of interest. The more homogeneity between 

stratas the greater the precision (Kish, 1965).
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Cluster Sampling will be conducted by creating 

groupings from the population variable and sampling 100 
percent of the elements within, each cluster. Cluster 
sampling precision is dependent on increasing heterogeneity 
within clusters and decreasing heterogeneity between 

clusters, Every element within these groups is sampled and 
the mean of the cluster means is the mean of the overall 
sample. In this analysis the clusters will be created by 

using the stratifying variable technique develop for 
stratified simply. However, the objective of this grouping 
is to make the clusters as heterogeneous as possible.

The study will consider the implications of assumption 
violations on the t test. The analysis will look 
specifically at inflated Type I error rates that result from 

nonnormally distributed variables. The impact of sample 
size and sample design on hypotheses testing will be 
considered. The relationship between sample size, power, 
and alpha level will be explored. Finally, four sample 
procedures (random, systematic, stratified, and cluster) 
will be reviewed. Each procedure will be analyzed in terms 

of its ability to increase sample precision based on the 
underlying structure of the design.

The results from this study should help to answer the 
following:

1. When the underlying population follows the normal curve 

does sample design effect Type I error rates?
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2. As the underlying population becomes increasingly skewed 
and Kurtotic do Type I error rates increase? Which plans 

maintain the nominal Type I error rate?
3. When comparing sample estimates, how generalizable are 

the results?
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Chapter Two 
Review of Literature

This review will examine the relevant literature on 

sample design in the social sciences. Variations in 

population distributions will be reviewed to determine how 

closely social science variables follow the assumption of 

normality that underlies most parametric statistical tests.
Sampling is an essential part of research in education 

and the social sciences. Researchers typically select 

subjects from some finite group (a sample frame) and use the 

findings obtained from this group as an indication of how 
treatments might impact a larger group (target population) . 
When samples are used in experimentation, hypothesis testing 

is often employed as a means determining the effectiveness 

of treatments. Researchers seek to generalize results 

obtained from experiments on samples to larger populations. 

The results obtained from sampling are generalizable to the 

extent that the sample reflects the population to which the 
results will be applied.

In any study that relies on sampling, there is a 
definable population to which the results of the study are 

to be applied, this is called generalizability. In 

educational research studies, populations are often composed 

of students or educational institutions. In social surveys, 

populations can consist of many types of elements, including

persons, institutions, geographic units, or political units.
9
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In behavioral science studies, the populations of interest 
are almost always animate but need not be human. Precise 
definition of the target population is essential in studies 

involving sampling. The researcher must be able to 

determine, unequivocally, whether a given element falls 
within or outside the population (Mansfield, 1973).

The theory of sampling provides a variety of methods 
for selecting groups from a finite population. There are at 
least two broad categories of sampling, purposive and 

probability. Purposive procedures select units into the 
sample based on how typical they are of the general 
population according to the personal judgment of those 

responsible (Cochran, 1977, Sukhatme and Sukhatme, 1970). 

These procedures are not objective and they are not based on 

the principles of probability theory.
Probability sampling procedures provide the possibility 

of estimating and controlling the magnitude of sampling 

errors. The probability sampling procedures that will be 
discussed in this study are cluster sampling, simple random 

sampling, stratified sampling and systematic sampling.

These procedures have some defining characteristics (Jaeger, 
1984) :

1.) The population of interest is specifically defined.

2.) Every potential sample of a given size that could be 

drawn from the population, together with the probability of 
selecting each sample, must be specifiable prior to sampling
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talcing place.
3.) Every sampling unit in the population must have a 
probability of selection that is greater than zero.

The most desirable unbiased estimator is the one with 
the smallest variance. Reducing error variance and therefore 

increasing efficiency, is a primary concern of a researchers 
sampling plan. Sample procedures can be compared for 

efficiency by comparing the variance of derived estimates.
If the estimators are biased, the comparison is the mean 
squared error. The mean squared error is the sum of the 

variance and the bias. The bias is zero for all unbiased 
estimators. Therefore when comparing unbiased estimators 
the MSE=variance. For a given sample size an estimator that 

has smaller mean squared error is more efficient. In the 

case of zero variance and no bias every sample would yield 
an error-free estimate because every estimate would equal 
the population parameter. The sampling procedure that 

generates the smallest mean squared error is therefore the 

preferred method. Alternative sampling procedures can be 
used for this purpose.

Combinations of sample procedures are often used to 

reduce total error. For example, systematic selection can be 
used with cluster sampling to gain the benefits of 

proportional stratification if the clusters can be ordered 
using a stratification variable. Consideration must be 

given to total error, cost, feasibility, and implications
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for other choices when selecting a technique and an 

implementation strategy. Equal probability of selection 
guarantees all study population members an equal likelihood 

of being selected in the sample. Unequal probability of 
selection methods have known, but unequal, probabilities of 

selection for the members of the study population. Unequal 
probability methods require weights to correct for the bias 
that occurs from over-sampling some groups in the population 

relative to other groups (Cochran, 1977). Unequal 

probabilities are often needed to improve the precision of 
an estimate or to provide reliable estimates of sub

populations .
When comparing estimators (sampling procedures) Kish 

(1965) defined Deffs (design effects) as the ratio of the 
variance of the estimate obtained from the more complex 

sample to the variance of the estimate obtained from a 
simple random sample. A deff that is larger than one will 

result in an inflated probability of comitting a Type I 

error (Thomas, 1993).
The most commonly used statistical tests are those for 

comparing sample means and sample variances. The arithmetic 

mean is by far the most frequently used measure of location 
in the behavioral sciences, and hypothesis about them are 
the most frequently tested (Cohen, 1978). The test used for 

the equality of the means is usually the analysis of 
variance (ANOVA) (Box, 1952). The t test is the
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mathematical equivalent of ANOVA when the number of 
independent variables is two. One of the assumptions 
underlying this model is that the variable being measured 

has a normal distribution (Gaussian)and heterogeneous 

variance. The normal probability distribution has three 

properties:
1. A normal distribution histogram (has one mode or peak) 

and it is symmetrical
2. The normal distribution is continuous. For every value 

of x there is a value for y and the total area underneath 

the curve equals 100 percent
3. The normal distribution is asymptotic to the X axis

When these assumptions are not met the computed t 

statistic may not follow the standard t distribution, and 

Type I errors are more likely. These errors can occur when 
researchers compare a measurement taken on an individual 

member of an undefined sub-population and conclude that the 

results are significantly different from the overall 
population parameter. Type I errors can also result when 
distributions are Multi-modal. When comparing means from 

this distribution, a researcher may fail to realize that the 

two means come from two distinct distributions, each with 
its own peak and tails. The researcher could easily 

conclude that the means are significantly different.
Researchers such as Boneau (1960), Glass Peckham et. 

al.(1972), Lindquist (1953), Scheffe (1959), Box (1953),

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



14

Walker and Lev (1969), Wright (1976) have stated that the t- 

test is robust to violations of the normality assumption. 
Blair (1981) Bradley (1977,1978), Sawilowsky and Blair 
(1992), have argued that the t-test used on non-normal 

population distributions may result in inflated Type I error 

rates(rejecting a true null Hypotheses), and decreased 
comparative statistical power. These authors suggest non- 
parametric statistics such as the Mann-Whitney U test as a 

substitute for the t-test when the population distribution 

is non-normal.
Thomas (1993) suggested that sampling procedures in 

complex data (non-normal data) can be used to address the 

problem of inflated Type I error rates.

Researchers have investigated violations of the 
normality dating back to Pearson in 1929. Box (1953) 

concluded that the practice of ignoring the assumption 

underlying statistical test was justified thanks to the work 
of Pearson (1931), Bartlett (1935), Geary (1947), Gayen 

(1950), and David and Johnson (1951). Box stated that tests 
for comparing sample means and variances are remarkably 

insensitive to general non-normality of the parent 
populations. Scheffe stated the effect of violations of the 

normality assumption is slight on inferences about 
means(1959).

In the late 1950s and 1960 serious questions were 
raised about the appropriateness of most of the common
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methods of statistical inference, the t-test and ANOVA.
These tests rely on the assumption of normality of the 
parent population. This movement in statistics culminated 

in a study by Glass, Peclcham, and Sanders, 1972. This study 
concluded that even though the parametric tests assume 

normality, rarely has there been any serious practical 
consequences on the accuracy of the probability statements 
regarding population means when conventional significance 
tests are used. The use of ANOVA (and the t-test)again 
became the statistical method of choice because of their 

statistical power.
In the 1970s and 1980s there has been a renewed 

emphasis on the shape of distributions. John Tukey (1977) 

illustrated that important descriptive information is 
ignored when the shape of a distribution is not reported.

In the 1980s and 1990s, increased consideration was 
given to computer-intensive methods such as the bootstrap 
(Efron, 1977), jackknifing (Tukey, 1950), cross-validation 

and balanced repeated replications. These procedures ignore 
the shape of the distribution entirely. These methods 

generate simulated data sets from original data and assess 

the actual variability of a statistic from its variability 
over all possible sets of simulated data. The bootstrap 
method uses the original sample of data and mimics the 

process of selecting many samples. The resulting 

distribution of samples reflect the magnitude of the
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deviation of the estimate from the true value of the 
parameter. The jackknife procedure uses a similar 
methodology. A sample is drawn and observations are removed 

one at a time. An estimate is recalculated as succeeding 
observations are removed. The jackknife calls for fewer 

calculations than the bootstrap but it also seems less 
flexible. Cross validation splits the original data set in 

half and fits a curve fitted to the first set of data. Then 
each observation is tested for best fit to the second half 

of data. The final testing is the cross validation, it 
gives a reliable indication of how well fitted the curve 

would predict the values of new data. The balanced 
repeated-replication method makes splits in the data 

systematically in order to assess the variability of surveys 
and samples. None of these methods make any assumptions 

about the shape of the population variable of interest 
(Bradley 1977). Some population variables are very 

different from the bell shaped curve assumed by most 
statistical procedures.

Bradley has identified the L and U shaped distributions 
as fairly common in behavioral research. Bradley stated 

that the L shape results typically from behavior influenced 
by uncontrolled conformity.

The U shape distribution can result from measures of 
taste sensitivity to certain compounds (Bradley 1977). In 

referring to his study of 440 distributions of educational
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and psychological measures Micceri (1989) states " The 
current inquiry shows that even among the bounded measures 
of psychometry and achievement, extremes of asymmetry and 
lumpiness are more the rule than the exception". Games and 

Lucas (1966) suggested that skewed distributions are a 
greater threat to robustness than leptokurtic or platykurtic 
distributions, Pearson's 1929 power analysis suggest the 

opposite. Norton (1952 cited in Glass et al. 1972) examined 
the degree of skewness(non-symetrical) in data distributions 

and found that a moderately skewed distribution has a skew 
value around .5. Runyan and Haber (1991) also agree with 

this view. The skew value for an extremely skewed 
distribution was around 1.0. A perfectly mesokurtic 

distribution has a Kurtosis of 0. Distributions with 

Kurtosis significantly greater than zero are Leptokurtic, 
(more observations toward the center of the distribution) 

while those significantly less than zero are platokurtic 
(more observations toward the tails of the distribution).

In addition to these measurable deviations from normal 

distribution real world data are often lumpy and discrete 

rather than smooth (Micceri, 1989). Lumpiness and 
discreteness occurs as a result of populations that are the 
sum of many distinct and non-overlapping sum-population. 
Populations sub-divided by race, gender , ethnicity, age, 

and social economic status are examples of such populations. 
Fleishman (197 8)concurred with this view stating: ...many,
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if not most of the psychological variables seen are skewed 
and/or Kurtotic to various degrees. When sampling from 
these populations without any prior knowledge the researcher 
receives no indication as to the true shape of the 

underlying distribution.
A sampling distribution of an estimator is the 

frequency distribution that would result if estimates of a 
population parameter were computed for all potential samples 
of a given size. The Central Limit Theorem states: given a 

population with mean equal to U and variance equal to alpha, 

as sample size increases, the sampling distribution of the 
mean for simple random samples will approach the normal 

distribution (Hinkle 1994) . Therefore even a skewed parent 

population will result in a normal sample distribution 

(Harnett, 1975).
Non-normal populations in the social sciences are 

common and some authors have argued that they are the norm.

A more pertinent question is what are the effects of 
nonnormal data on sample design and hypotheses testing.
When researchers encounter these distributions what are the 

implications for sample design, hypotheses testing and 

generalizability.
When studying complex data, ignoring the survey design 

can result in biased estimates (Thomas, 1993) . When a 

distribution is non-normal and the researcher ignores this 

fact, inflated Type I errors can occur (Scott & Holt, 1982;
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Rao & Scott, 1981; Rao & Thomas, 1988; Zumbo & Zimmerman, 
1991). Type I errors (false indication of a treatment 
effect) occur when the research falsely determines that the 
means of two samples are significantly different, too 

different to be the result of chance error (Gay, 1992). The 
probability level selected determines the' probability of 

committing a Type I error (rejecting the null hypothesis of 
no difference between means). If the significance 
(Alpha)level is set at .05 there is a 5% probability of 

making a Type I error. Whereas, if the significance level 
is set at .01 there is a 1% probability of committing a Type 
I error (Gay, 1992). As the significance level becomes 

smaller the probability of committing a Type I error 

decreases and the probability of Type II error increases. 
Type II errors occur when the researcher fails to reject a 

false null hypothesis (fails to report a difference when 
there actually is a difference between means). Inflated 

Type II errors rates occur as a result of a lack of 

power(Cohen, 1988).
Cohen provides tables for assessing power levels and 

needed sample sizes. For any given effect size, alpha and 

sample size, the tables provide the probability of a Type II 

error (0 ) . Power is 1-0, the probability of rejecting a 

false Null Hypothesis. The researcher's challenge is to 
select alpha prior to execution of the research and 
determine the seriousness of committing a Type I versus a
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Type II error. Research convention seems to view Type I 

errors as a greater threat than Type II. A conservative 
tradition among researchers tends to guard against false 

positives, (Type I errors) indicating a treatment effect 

when there really is none. Type I errors are seen as more 
harmful than rejecting an effective treatment in error 

(Runyon and Haber, 1991). The researcher must determine the 
consequences of each type of error. An Alpha of .05 is 
common in social science research (Cohen, 1977). Cohen 

emphasized the importance of sample size when selecting 

alpha and effect size.
Determination of the appropriate Sample size has 

implications for sample design as well as hypotheses 

testing. As samples get larger, power is increased and 

sample precision is increased. However, the threat of Type 

I error is also increased. Small samples reduce power and 
sample precision and increase the threat of Type II errors.

The size of the sample needed to estimate a population
mean for a population total with a specified level of 
precision is one of the first issues that arise in a 
practical sampling problem involving parameters(Snedecor and 

Cochran, 1967). All probability sampling procedures will 

result in some amount of error. The allowable level of 

error must be specified prior to the determination of sample 
size. The following mathematical statement from Jaeger

(1984) captures this requirement.
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Pro b { - e < y - Y  <e}  > \ - a  

The statement indicates that the estimate will differ from 
the population parameter by the amount of e with the 

probability of l-cc (usually 99%, 95%, or 90%) . If the 

sample means or sample totals calculated for successive 
samples of elements are assumed to be normally distributed, 

sample size requirements can be determined from the standard 

error.
Perhaps the most powerful attribute of any sampling

technique is sample size. Statistics calculated from large
samples are more accurate, other things equal, than those
calculated from small samples. Large samples are preferred

because they have greater probability of achieving

randomization. Random selection and random assignment

justify the theory that underlie tests of significance
(Heinsman and Shadish, 1996) . With small samples, the

probability of selecting deviant samples is greater than

with large samples (Kerlinger, 1986). Increases in sample
size increases the power of a statistical test. Power
efficiency, is the sample size that is required to make one

test as powerful as a competing test (Runyan and Haber,
1991). Cohen (1988)states,:

The larger the sample size, other things being 
equal, the smaller the error and the greater 
the reliability or precision of the results.
The further relationship with power is also 
intuitively evident: the greater the precision 
of the sample results, other things being 
equal, the greater the probability of 
detecting a none null state of affairs, i.e.,

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



22

the more clearly the phenomenon under test can 
manifest itself against the background of 
(experimentally irrelevant) variability.
As is intuitive obvious, increases in sample 
size increase statistical power, the 
probability of detecting the phenomenon under 
test. (P. 7)

As power increases the probability of a Type I error 
increases as well, in cases where the null hypothesis of no 

difference between means is not true. Critics of hypotheses 
testing have noted that large sample sizes will result in 

rejection of the null hypotheses even for trivial treatment 
effects (Serlin, 1992). Serlin suggested a "range null" 

hypotheses that would reflect the magnitude of the 
population effect (This principle is born out by the 

properties of the central Limit theorem. As sample size 

increases the mean of the sample better approximates the 
population mean. In addition, the variance of the estimate 

decreases as the sample size increases. The formula for the 
standard error of the of the sample mean illustrates this 

point.

In this formula V is the variance, N is the total 

finite population, S is the standard deviation of the sample 

elements and F is the fraction of the population that was 

sampled and n is the size of the sample. No matter what the 

size of population and no matter what the standard 
deviation, the variance becomes smaller as the sample size
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(n) increases.
Cohen's (1988) power tables can be used to set sample 

size requirements, once power,, alpha, and effect size are 
determined. Cohen suggest .8 as convention for power when 

alpha is set at .05. Cohen's "d" (effect size) is 
calculated as follows for independent sample means:

a

M a is the mean of the first group, M b is the mean of the 

second group and <T is the standard deviation of the 
population, "d" is operationally defined as small, medium, 
and large, with numeric values of .20,.50, and .80 

respectively. In this way "d" becomes a measure of the 

magnitude of the difference between means expressed in terms 

of standard deviation units. Cohen has been critical of 
psychological experiments that lack power. His power tables 
suggest that experiments with power levels around .5 have 

only a 50-50 chance of producing statistical significance in 

the presence of a real treatment effect (Hammond, 1996) .
Cohen concedes that this approach will sometimes lead 

to sample size requirements that are beyond the limits of 

cost and practicality (Cohen, 1992) . The researcher must 

decide how large an error is acceptable, which makes the 
sample size requirement somewhat arbitrary when making 

comparisons between samples (Snedecor and Cochran, 1967) .

Each sampling procedure (random, systematic,
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stratified, and cluster) has its own unique calculations for 
estimation of population means and variances. These 
calculations reflect the underlying structure of each 
procedure. Each plan will be evaluated to determine how 

precision can be increased when calculating sample means. 
This analysis will focus on the sampling procedures that 
must be followed in each sample design. Methods designed to 
reduce variance and increase precision and efficiency will 
be examined. Advantages and disadvantages of each procedure 

will be addressed. Issues of cost will not be addressed 

explicitly.
SIMPLE RANDOM SAMPLING

With Simple Random Sampling every member of the 
population has an equal probability of selection. With 

simple random sampling differences between the sample and 
the population should be small and unsystematic (Gay, 1992) . 

Simple random sampling is used in situations where 
simplicity is the main concern. To select a simple random 
sample, researchers need a complete listing of the members 
of the study population. The sample can be selected by the 

following procedure as outlined by Jaeger (1984).
1) assigning each member of the population a unique 
identification number.
2) selecting a random start in a table of random numbers,

3) using the number of digits in the random number table 
that is equal to the number of digits in the highest
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identification number/
4) selecting each population member that has a number that 
corresponds to the random number selected.

5) discarding any random number that does not have a 
corresponding number in the population, and
6) repeating the process until the desired number (n) of 

members have been selected.
The advantages of simple random sampling are the ease 

of selection and the ease of use of the data. Once the 
sampling frame is assembled, no other information about the 
population is needed for sampling. A major disadvantage of 
this method is that a listing of the entire study population 

is required. This method does not use any previous 

knowledge of the target population. Subgroups and special 
populations within the larger population are not explicitly 
addressed. Randomization is achieved by way of the random 

selection process. Simple random sampling is used with and 
without modification through out the social sciences. For 
example pre-existing groups such as classrooms are often 

chosen and random sampling is conducted on these groups. 
Results will be generalized to larger groups even though the 

actual sample frame was the smaller pre-existing group. 
Random sampling is the standard against which all other 

sampling procedures are compared (Kish, 1965) . However, it 

is usually not the most efficient procedure when compared to 
cluster and stratified sampling. Simple random sampling is
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not as efficient, in terms of standard error per unit 

sampled, as techniques using stratified sampling. The 
formula for the sample mean when using simple random 

sampling is:

y  is the sample mean, n is the number of elements in the 

sample, y, is the observed value (Frankel, 1983) . The

formula for the standard error of estimate when using simple 

random sampling is

•s2 n - 1 ,

In this formula s is the standard error , yt is the observed 

value, y  is the mean of the sample and n is the sample 

size. This formula is used when the population variance is 
unknown. The only variable under the control of the 

researcher in this formula is n, the sample size.

Therefore, the only way to reduce variance from a sample 
design stand point is to increase sample size. The formula 

for the sample size required for a given interval estimate 

is:

US Is ) 1 
n ~ 1 + (1/ N)US I s ) 1

In this formula t is a value from the distribution

based degrees of freedom, S is the standard error of the

sample, e is the allowable error, N is the population size.
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SYSTEMATIC SAMPLING

Systematic Sampling can offer researchers benefits over 

simple random sampling. Ease of selection is one benefit of 
Systematic Sampling. Another advantage is that systematic 
sampling can be used for detecting stratification. To 

achieve de facto stratification, the units to be sampled 
must be arranged by the stratifying variable prior to the 
selection plan. The variable must be available for the 
entire study population. The stratification variable can be 

either a continuous variable such as the age of respondents 

used to order the population, or a discrete variable, such 
as grade level for a student. The variable is used to group 

the population to obtain proportional representation on the 
stratification variable. One caution is necessary in using 

systematic sampling, the sampling frame must be well mixed 
or purposefully arranged for stratification. If a cyclical 

arrangement of the frame is inadvertently used, the sample 
can be biased.

A systematic sample is often viewed as being 

essentially the same as random sample. It is important to 
recognize that this is true only if the elements of the 
population are in random order on the list (from the 

sampling frame) (Mansfield, 1973). The major objection to 

systematic sampling of a non-random list is the possibility
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that certain subgroups of the population can be 

systematically excluded from the sample (Gay, 1992). If on
site fieldwork is required, a disadvantage of this technique 
is the dispersal of the fieldwork across the entire 

geographic spread of the study population. Costs of travel 
and supporting the fieldwork may be prohibitive. The 
formula to compute standard errors is (Cochran, 1977):

y N ~ lnl *0»-0 ol
N  tf2

linear systematic sampling yields more precise estimates 

than simple random sampling only when Slv >S2 and the two 

methods are equally efficient only when S^ = S2. Linear 

systematic simply is more efficient than sample random 

sampling only when the average variance among elements (S ,̂) 

in the systematic sample is larger than the variance among 

elements in the entire population iS2) . Whenever adjacent 

elements in the sampling frame are more similar than those 

some distance apart, the within sample variance will be 
larger than the overall variance, and linear systematic 
sampling will be more efficient than simple random sampling.

Systematic sampling presents a unique problem in sample 
determination. The sampling variance depends much on the 

arrangement of units in the population. Cochran (1977) 

states:
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The performance of systematic sampling in 
relation to that of stratified or simple random 
sampling is greatly dependent on the properties 
of the population...For some populations and 
some values of (sample size), the variance of 
the sample mean even increases when a larger 
sample is taken, a startling departure from 
good behavior. (P.212)

Stratified Sampling
Stratified sampling involves grouping the study 

population into strata and selecting a random sample within 
each stratum. The basic idea in formulating strata is to
subdivide the population so that these subdivisions differ
greatly with regard to the characteristic being measured and 
so that there is as little variation as possible within each 

stratum (or sub-division) with regard to the characteristic 
being measured (Mansfield, 1973). Kish explains the way 

gains in precision are achieved from stratified sampling as 

follows:

(1) Variability Between Stratas: the greater the difference 

between the means of the strata and the overall means, the
greater the gain; and
(2) Homogeneity Within Stratum: the greater the similarity 
within the stratum the greater the gain.

For example the views of teachers can be sampled by 
subdividing teachers by grade level. They can be stratified 
as high school teachers, middle school teachers, and 

elementary school teachers. Views on political issues can 

be stratified in several ways. Stratas could be based on
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age, race, political party affiliation, income, or region of 

the country.
Several methods for creating stratas have been

proposed. The cum method of Delenius and Hodge (1959), 

creates stratum of approximately equal size by using a 
stratification variable. The following conditions must be 

satisfied to use this method:
1 The stratification variable is identical to the 
characteristic of interest.

2. The stratification variable is approximately uniformly 
distributed between adjacent endpoints.

3. Neyman allocation is used, (to be discussed later)
4. The allocation variable is the characteristic of 

interest.
When determining the number of stratas to create, 

Cochran (1967) concludes that there is very little 
additional variance reduction from having more than six 

stratas unless the correlation between the stratification 
variable and the variable of interest exceeds .95.
Stratified sampling is often used to ensure proportional 

representation for each stratum, decrease the sampling 
variability, or to yield a sufficient number of a sub

population in the sample for reliable analysis. Stratas may 
be formed to provide separate estimates for sub-universes or 

domains such as ethnic groups or particular age groups 
(Wilburn, 1984) . Stratified sampling takes advantage of the
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existence of different sub-groups in the population. With 
simple random sampling within stratas assuring proportional 
representation of various sub-groups is a problem when 

sample sizes are small (Wilburn, 1984) .

Stratified sampling can be done proportionately or 
disproportionately. Proportional allocation makes the 

sample size in each stratum proportional to the total number 
of elements in the population. Optimal allocation requires 

that the sample in each stratum be proportional to the 
product of the number of elements in the stratum and the 
standard deviation of the characteristic being measured.

This formula for allocation is ascribed to Neyman (1934) and 

the method is sometimes called "Neyman allocation". The 

methodology ensures proportionate representation of the 

stratas by using the same sampling fraction in each stratum. 
The sample mean when using stratified sampling is calculated

cio i G i i u w S  •

tt H j %
yw = = Z — ^ Z a

te l  te l  "h i=I

In this formula yw is the overall estimate of the population 

mean, Wh is the weight associated with the hth stratum, yh 

is the mean associated with the hth, nh is the number of 

elements in the hth stratum and yh is the value of variable 

y in the ith sample element in the hth stratum and yh is the 

sample mean' from the hth stratum (Frankel, 1983). The 

variance of the sample means in each stratum can be combined
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to yield the following formula for the variance of the 
estimator of the overall population mean:

In this formula W is the weight associated with strata 

K, S is the standard error of the sample,' n is the sample 

size in strata K, 1-/ is the percent not sampled in the ktb. 

strata. The calculation for S in the above formula is as 

follows

ytk is an element in the /cth strata yk is the mean of the

kth strata, n is the sample size.

When a stratifying variable is used to create stratas

the greater the explanatory power of the stratifying
variable, the greater the gain from stratification. (Kish, 

1965) The gain is proportional to the amount of variance 
explained (R). Kish (1965) pointed out that the 

proportional size of the strata has a bearing on the 

relative gain.
The advantages of proportional stratification are 

improved precision of estimates and insuring proportional 

representation of stratifying groups. The formula to 
determine the appropriate sample size when using 

proportional allocation,
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n - — — --------------------- »— —

1 =  (1 (N){tfe)2lTA

In this formula W is the weight associated with the kth 

strata, S is the standard error of the kth strata, N is the 

sample size, e is the allowable error, and t is the t value 

from the t distribution.

Disproportional stratification is used when researchers 
are faced with the situation where the overall sample 

precision (variance of the sample estimate) is not 
sufficient or where the representation of a sub-population 

is not sufficient. The researcher can turn to 
disproportional stratification (Gay, 1992). Disproportional 
stratification results from using different sampling 

fractions in different strata. Employing different sampling 
fractions causes unequal probabilities of selection and 

disproportional representation in the final sample. Thus, 
weighting is required to adjust for the selection bias. The 
benefit from disproportional stratification results from 

lowering the sampling variability in the stratum where the 
standard deviation is relatively high by increasing the 

number of sampling units allocated to that stratum (Groves, 
1989). The formula for sample size requirements when using 

disproportional or optimal allocation is,
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t v
k=1

n = -------------------- z— —
u / ^ + u /aoZ ^ ,

The term used in this equation are defined on the 

previous page. The formula can be used for either 
proportional or disproportional stratification. Since 
standard errors are computed for each stratum and then 

combined as a weighted average, the strata with the largest 

standard errors and the largest weights have the most 

influence on the standard error.
Increasing the sample size within the stratum that has 

the highest sampling error will reduce the sampling error 
within the stratum and, reduce the overall sampling error.

The standard deviation of the population and strata are 

seldom known. Therefore, the allocation of sampling units 

to strata is usually imprecise but can result in improved 
precision if the allocation is done accurately. The 

standard deviations, or more usually their relative sizes, 
can be estimated. Each stratum can be estimated by the same 
methods used in estimating the standard deviation. Prior 

studies or pilot studies can be used for this purpose.

Stratification allows increasing the sample size for 
the sub-population without increasing the entire sample size 

proportionally. Stratas can be defined in such a way that 

sub-populations can be included within a particular strata 

to increase the effect of stratification. Stratas created
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in this way can result in the loss of some efficiency. The 

central drawback in using disproportional stratification is 
the use of weights in the calculation of standard errors 

(Sudman, 1976) . The calculations become large and more 

complex and the strata identification must be maintained in 

weights included as a variable in the data set.

CLUSTER SAMPLING
Cluster sampling is the random selection of groupings, 

referred to as clusters, from which all members are chosen 
for the sample. The major advantage of cluster sampling is 
that it is cheaper to sample elements that are physically or 

geographically close (Mansfield, 1973). Any location with 

intact groups of similar characteristics is a cluster (Gay, 

1992) .

Geographic groupings and intact groups are commonly 
used for clusters. Counties are frequently used as clusters. 

Schools or, alternatively, classrooms are often used as 
clusters for education-related studies. Regional offices or 

local clinics are potential clusters for management or 
evaluation research. When clusters such as these are used, 

the researcher forgoes the opportunity to provide 
information on individual regions or schools, other than 

those units in the selected clusters (Jaeger, 1984).
As a result Cluster sampling can greatly reduce travel 

and training expense. Cluster sampling can be done in 
stages involving selection of clusters within clusters.
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This is multi-stage sampling (Gay, 1992).

In cluster samples, the selection of each cluster is 
random and, likely to be independent. However, the 
selection of each sampling unit is not independent. That 

is, the sampling units included in the sample are determined 

by the selection of the clusters. This results in a loss of 
independence in selection. This loss of independence in 
selection can lead to inflated Type I errors (Thomas, 1993) 

(Zumbo and Zimmerman, 1991) . The formula for the cluster 

mean when using Cluster sampling is as follows (Frankel,

1983):

1 b
ya o fi=\

This formula for the cluster mean is the same calculation as 

simple random sampling.
The estimated population mean is:

y<-±±y.
a  a= l

The formula for the estimation of variance for cluster 

sampling is,

MHI-/) A,

r - j f t b .iV ,=i j - i

N is the sample size, n is the elements in cluster i, Ma is 

the total elements in the population.
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The loss of independent information from each sampling 

unit brings a loss in precision. The impact of the loss of 
information is evident in the .formula used to estimate the 
sampling error for cluster samples, in this case with 
approximately equal size clusters:

This formula is equivalent to the formula for simple 
random sampling. The number of clusters selected replaces 
the sample size, and the number of clusters in the 
population replaces the population size in the formula for 

simple random samples. This is because the number of 

clusters selected is the number of independent selections. 
The greater the within-cluster differences, the greater the 

sample precision (Sukhatme and Sukhatme, 1970) .
The number of clusters affects the precision of the 

sample estimates. This is analogous to the effect of 
increasing the sample size in simple random samples.
Standard error varies as a function of the square root of 
the number of clusters. Increasing the number of clusters 

increases the precision of the sample. When using cluster 
sampling, selecting more clusters with less between-group 

variation improves precision (Sukhatme and Sukhatme, 1970). 
However, increasing the clusters can also increase costs of 

collecting data.
The impact of increasing the standard error from 

cluster sampling can be partially overcome by stratification
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of the clusters. This occurs because combining the standard 
errors of weighted cluster means within strata improves 
sample precision(Hansen and Hurwitz, 1943).
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Chapter Three
Methodology

The research methodology .will be a Monte Carlo 

Simulation of non-normal population variables. These 

variables simulate population variables researchers 

typically encounter when sampling real world data. These 
distributions will be sampled by the random, systematic, 

stratified, and cluster sampling procedures. The t test 

will be used to compare the sample means and the population 

means. The t statistic is calculated as follows:

The rate of Type I error (rejection .of the null 

hypotheses of no difference between sample means and 
population means) will be equal to a (.05 in this 

analysis). If the rejection rate is higher than 5%, 

inflated Type I errors are present. If the rate of 
rejection falls below .05, Type II errors are indicated. 

Type II errors also indicate a loss of statistical power. 
This study compares plans based on the single sample t 

test.
Sample sizes will be determined by Cohen's power 

tables. The effect size will be assumed to be moderate. 
Alpha will be set at .05. Cohen assumes .8 as a convention 

for power. With effect size, power, and Alpha set as 

indicated the appropriate sample size is 20 (Cohen, 1988).
39
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Additional sampling will be conducted using sample sizes of 

15 and 25. This additional sampling will further define the 
relationship between sample procedures and sample size. The 
distributions will be non-normal with specified degrees of 

kurtosis and skew.
Fleishman's (1978) Power method with* the Headrick and 

Sawilowsky correction will be used to generate the non
normal distributions. This methodology offers advantages 
when compared to other procedures for producing non-normal 

distributions. Fleishman (1978) identifies four alternative 

methods to generate non-normality.
1.) The outlier method involves adding a small proportion of 

data having variance much greater than the remainder of the 

population. This procedure creates highly Kurtotic but 

symmetrical distributions.
2.) The extreme non-normality method samples from extreme 
distributions by using inverse probability function on 

uniform deviates.
3.) The transformation method transforms a random normal 

deviate by a skewing function, usually without knowledge of 
the degree of skew.

4.) The tabular method uses a table of non-normal population 

The power method allows the analysis to specify the level of 
non-normality by the use of a polynomial transformation.

The power method as modified by Headrick and Sawilowsky is 

of the form:
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Y = a + bX + cX 2 + d X 3 

In this formula a, b, c, and d are constants. When this 
formula is applied to a normal distribution the non-normal 

distributions are created based on the constants. This 
method requires a normal distribution with a mean of zero 
and a standard deviation of one as a starting point. Rangen 

will be used to generate the normal deviates. Rangen is a 
is a collection Fortran source code and subroutines that 

generate pseudo-random deviates.
Table 3.1 gives the constant for solved values of skew 

and kurtosis. When these constants are applied to the 
random deviates generated by Rangen, non-normal distribution 

with specific skew and kurtosis are produced.

Skew and Kurtosis as measures of nonnormality were 
chosen because they are the most important indicators of the 

extent to which nonnormality affects the usual inferences 
made in the analysis of means (Bradley, 1982). E.S. Pearson 
(cited by Runyon and Haber, 1991) proposed the following 

coefficient of skew (sk):

. 3 {X-median) 
sk — j

Runyon and Haber conclude that data sets with indices of 

skew ranging between +/-.5 may be considered sufficiently 
symmetrical for most practical applications. Skewed data 

sets often result from floor or ceiling effects of 

measurements in social sciences. Therefore, for this
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analysis skew values larger than +/-.5 will used in non

normal data sets. This analysis will generate distributions 
with skew ranging from .5 to 3.00 in increments of 

approximately .25. Distributions will be generated with 
minimum, mid-point, and maximum Kurtosis for each skew value 

(see table 3.1 for specific values).

The purpose of selecting this range of values is to 
show how increasing levels of nonnormality effect Type I 

errors and the role that sample design can play. Additional 
analysis will include Chi-Square distribution with 1 degree 

of freedom, the Exponential distribution and the Uniform 
distribution. The normal distribution will be simulated to 

validate the internal validity of the study methodology.

When sampling this distribution Random sampling procedure 
should yield results that approximate the true population 
parameter with approximately 5% rejection of the null 

hypothesis. Each sampling procedure will be used to sample 
the population at a fixed sample size. Ten Thousand 

repetitions of each procedure and each sample size will be 
completed. The results from these samples should yield 500 

rejections of the null hypothesis of no difference between 
means.
Random sampling

Two variables will be generated by Rangen. Random 
sampling will done at sample sizes of 15, 20, and 25. Ten 

thousand repetitions will be conducted at each sample size
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Table 3.1. Skew and Kurtosis For Normal and Nonnonnal Distributions and Fleishman power constants
Distribution Skew Kurtosis a b c “  d

Normal 000 00 0 0.0000 1.0000 0.0000 0.0000
Uniform 0.00 -1.15 0.0000 1.3320 0.0000 0.0000

0.26 -1.04 -0.0912 1.3174 0.0912 -0.1246
0.26 6.34 -0.0250 0.6531 0.0250 0.1044
0.26 13.71 -0.0428 1.5780 0.0428 -0.3170
0.50 0.74 -0.1652 1.2742 0.1652 -0.1124
0.50 7.23 -0.1104 1.5520 0.1104 -0.2825
0.50 13.71 -0.0836 1.5700 0.0836 -0.3140
0.76 -0.23 -0.2354 1.2093 0.2354 -0.0995
0.76 6.97 -0.0730 0.6450 0.0730 0.1052
0.76 13.71 -0.0598 -0.4679 0.0598 -0.1521
1.00 0.42 -0.2936 1.1488 0.2936 -0.0884
1.00 7.07 -0.0977 0.6522 0.0977 0.1020
1.00 13.71 -0.0795 -0.4736 0.0795 -0.1499
1.26 1.34 -0.3517 1.0781 0.3517 -0.0771
1.26 7.53 -0.1247 0.6522 0.1247 0.1003
1.26 13.71 -0.1018 -0.4818 0.1018 -0.1467
1.50 2.37 -0.4015 1.0072 0.4015 -0.0669
1.50 8.04 -0.1506 -0.6518 0.1506 -0.0984
1.50 13.71 -0.1235 -0.4914 0.1235 -0.1430
1.76 3.71 -0.4533 0.9230 0.4533 -0.0560
1.76 8.71 -0.1804 -0.6515 0.1804 -0.0956
1.76 13.71 -0.1488 -0 5045 0.1488 -0.1377
2.00 5.15 -0.4995 0.8358 0.4995 -0.0456
2.00 9.43 -0.2102 -0.6511 0.2102 -0.0922
2.00 13.71 -0.4815 1.1480 0.4815 -0.2046

Exponential 2.00 6.00 -0.3137 0.8263 0.3137 0.0227
2.26 6.96 -0.5496 0.7256 0.5496 -0 0340
2.26 10.34 -0.2461 -0.6502 0.2461 -0.0875
2.26 13.71 -0.5607 0.9525 0.5607 -0.1668
2.50 8.87 -0.5982 0.5972 0.5982 -0.0223
2.50 11.29 -0.2852 -0.6492 0.2852 -0.0813
2.50 13.71 -0.2435 -0.5635 0.2435 -0.1116
2.76 11.28 -0.6645 0.3619 0.6645 -0.0068
2.76 12.50 -0.5738 0.4467 0.5738 0.0251
2.76 13.71 -0.6779 0.4581 0.6779 0.0846

Chi-Square Idf 2.83 12.00 -0.5207 0.6146 0.5207 0.0201
3.00 13.71 -0.5047 0.5993 0.5047 0.0350

Note: a=-c
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and each level of skew and kurtosis. Two tail t test will 
be calculated for each sample. Rejections in the upper and 
lower tail should total 5% (500 rejections for each 10,000 

repetitions of sampling).

Systematic Sampling
Systematic sampling will done by selecting sample elements 
for two variables using a specified interval of selection. 

Every nth element will be selected for both variables. The 
means will be compared using the independent samples t test. 
Ten thousand repetitions will be completed for each 

distribution and each sample size.

Stratified sampling
Stratified sampling will done by selecting groups for two 

variables. The means will be compared using independent 

samples t test. This process would continue until all groups 

are created.
Random sampling will be conducted within each strata. 

Researchers can use proportional or disproportional 
stratification. If the stratas are proportional in size 

weights are the same for each strata. If the stratas are 

different in size, the weights must reflect this difference. 
The strata means will be weighted based on size.
Cluster Sampling

Cluster sampling creates groupings of the population 
variable based on geographic consideration or a stratifying 

variable. Sampling is conducted on 100 percent of the
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elements within each cluster. Cluster sampling precision is 
dependent on increasing heterogeneity within clusters and 
decreasing heterogeneity between clusters. Researchers 

typically select pre existing groups as clusters. Groups 

such as classrooms, city blocks, political precincts of such 
groupings. Every element within these groups are sampled 
and the mean of the cluster samples is the mean of the 

overall sample.
Cluster sampling will be done by creating three 

clusters of different sizes and comparing the weighted means 
to the mean of a group of 400. This comparison should be 
mathematically equivalent to cluster sampling. Cluster 

sizes will vary so that different sample sizes can be 

obtained. The following combinations will create sample 
sizes of 15, 20, and 25: 9+3+3=15, 10+5+5=20 and, 15+5+5=25. 
The sampling plan will be similar to the previous plan used 

in random, systematic, and stratified sampling. The 
distribution will be varied from .50 skew to 3.00 skew, and 
kurtosis will vary from the minimum to a mid-point to high 

for each level of skew. Sample sizes will be 15, 20 and 25 

for each distribution.
The results from this analysis should answer the 

following:

1. When the underlying population follows the normal curve 

does sample design effect Type I error rates?
2. As the underlying population becomes increasingly skewed
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and Kurtotic do Type I error rates increase? Which plans 
maintain the nominal Type I error rate?
3. When comparing sample estimates, how generalizable are 

the results ?

Additional sampling analysis will be conducted on 
populations that have natural clustering and stratification. 
These populations have distinct groupings within a larger 
population. The groups can differ in terms of means or 

symmetry. This area of the study will focus on stratified 

populations where the stratas represent groups based on mean 

differences and clustered populations with distinctly 
different skew and kurtosis within each cluster.

A clustered population will be created by grouping 

cluster with skew and kurtosis as follows:

skew Kurtosis
cluster I .76 -.23

cluster II 1.50 8.04

cluster III 2.50 11.29
The stratified population will be created by grouping 

sample elements by z score. Elements in the lower third of 

the z scale will distributed across all three stratas, with 
80% in the strata I, 10% in the strata II and 10% in the
strata III. Similarly elements in the middle of the z scale

will be distributed as follows, 10% in strata I, 80% in

strata II and 10% in the strata III. The elements in the
higher end of the z scale will distributed with 10% in
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strata I, 10% in strata II and 80% in strata III. The 
distribution of will be as follows:
Z scale lower 1/3 middle 1/3 upper 1/3

strata I 80% 10% 10%
strata II 10% 80% 10%

strata III 10% 10% ' 80%
When researchers either ignore or are unaware of these 

special grouping, what are the implications for Type I error 

rates?
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Chapter Four 
Results

The Monte Carlo simulation was completed for the four 

sample procedures. Each procedure was completed thousand 

times for each sample size. Sample sizes of fifteen, 
twenty, and twenty-five were used in each case.

The computer simulation work was done on an ACER 

computer using an Intel Pentium processor. The computer 

programming work was done using Lahey Fortran 77 code.
The following tables present Type I error rates for 

each sampling plan and each distribution. The samples were 

taken over a range of skew values from 0 to 3.00. The 

distributions were sampled at increments of approximately 
.25 levels of skew. Simple random sampling was used to 

sample the clustered and stratified distributions.

48
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Table 4.1 A. Type I error rale when nominal rale it .OS Nor"**1 D iitribudon

Sampling Plan 

Randum

Diitribudon 
Skew Kurtodr

000 000

*-13
Lower Tail L'pperTail

022 .027
Tola!
.049

Sample Sbe 
*-20

Lower Tail Upper Tail 
.025 .027

Total
.052

n-2S
Lower Tail Upper Tail 

.025 .029
Total
.054

Systematic 0.00 0.00 028 026 .054 .023 .024 .047 .025 .026 .051

Slraulird 000 000 025 024 .049 .026 .024 050 .026 .025 .051

Clutter 000 0.00 026 .025 .051 .029 .026 .055 .025 .026 .051

Table 4.1 B. Type 1 error rate when nominal rate it .OS Uniform Diitribudon

Sampling Plan 

Random

Distribution 
Skew Kurtosis

0 0 0  1.15

n>IS
Lower TaH Upper Tail 

023 .027
Total
.050

Sample Size 
n*20

lower Tan Upper TaM 
.025 .024

Total
.049

nm2S
Lower Tail Upper TaM Total 

.025 .029 .054

Systematic 0 0 0 1 .1 5 .027 027 .054 .022 026 .048 .025 .025 .050

Stratified 0 0 0 1 15 026 023 .049 .026 .024 .052 .026 .026 .052

Clustei 0 0 0 1 15 026 .024 .050 .026 .025 .063 .025 027 .052

Table 4.1C. Type I error rate when nominal rale it .05 Eiponendal Diitribudon

Sampling Plan 

Random

Diitribudon 
S im  K uriodi

200 600

ir-IS
Lower Tail Upper Tail 

020 .024
Total
.044

Sample Sim 
*—29

Lower Tail Upper Tail 
.023 .024

Total
.047

ir"2S
Lower Tail Upper Tail 

.024 .025
Total
.049

Systematic 2.00 600 024 .023 .047 .021 .024 .045 .023 .024 .047

Stratified 200 600 022 .022 .044 .024 .025 .049 .025 .024 .049

Cluster 200 6 0 0 016 033 .049 .017 .031 .048 .014 .029 .043

Table 4.ID. Type 1 error rate when nominal rate ia .05 CM Square Diitribudon (140

Sampling Plan

Random

D iitribudon 
Skew Kurtoali

2 8? 12 00

*-13
Lower Tail Upper Tail 

021 020
Tout
041

Sample SUa 
*-20

Lower Tail Upper Tail 
.020 .021

Total
.041

*-23
Lower Tail Upper Tail 

.023 .023
Total
.046

Systematic 2 83 1200 022 022 .044 022 .023 .045 .023 .023 .046

Stratified 2 83 1200 019 020 039 .023 .023 .046 .024 .021 .045

( Iumi 1 2 83 12 00 009 .035 .044 .010 .034 .044 .014 .031 .045
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I
■O 1 able -4.2 V Tcpc 1 error rate yyhen nominal rate is 05
—i
3c/)c/)
o '3
O

Sampling Plan 

Random

Distribution 
Skew Kurtosis

0 26 -1 04

a=*/5
Lower Tail Upper Tail 

023 .025
Total
.048

Sample Size 
a-20

Lower Tail Upper Tail 
.025 .025

Total
.050

a-25
Lower Tail Upper Tail 

.024 .028
Total
.052

I—K3"CD Systematic 026 -1.04 .028 026 .054 .023 .026 .049 .026 .026 .052
OOT3c< Stratified 026 -1.04 .028 025 .053 .026 .024 .050 .026 .024 .050

to'3" < luster 026 -1 04 .025 .025 .050 .026 .025 .051 .024 .027 .051
O
S Table 4.2B. Type 1 error rate when nominal rate is OS
CD7"i
-n3
3-3"CD

Sampling Plan 

Random

Distribution 
Skew Kurtosis

026 6.34

a
Lower Tail 

.025

-15
Upper Tail 

.022
Total
.047

Sample Sin  
n-20

Lower Tail Upper Tail 
.024 .021

Total
.045

a-25
Lower Tail Upper Tail 

.022 .023
Total
.045

“5CDT3
— 5

Systematic 0 26 6 34 .028 026 .054 .023 .026 .049 .026 .026 .052
oQ.CQ. Stratified 0 26 6 34 022 023 .045 .023 .021 .044 .027 .025, .052

5'3 t  luster 0 26 6 34 .024 025 .049 .026 .026 .052 .023 .024 .047T3—5o=r 1 able -4.2( Type 1 error rate when nominal rate is OS
g;
CDQ.
1
o

Sampling Plan 

Random

Distribution 
Skew Kurtosis

0 26 13 71

A
Lower Tail 

023

-IS
Upper Tail 

.024
Total
.047

Sample Size 
A-29

Lower Tail Upper Tail 
.023 .022

Total 
.045 ,

A
Lower Tail 

.024

-25
Upper Tail 

.026
Total
.050

c
"OCD

Sysli-matii 0 26 13 71 028 026 .054 .025 .027 .052 .025 .025 .050

3
in Stratified 0 26 13 71 027 .025 .052 .023 024 .047 .023 .026 .049

o'3 Cluster 0 26 13 71 026 024 050 .024 .024 .048 .025 .026 051

C/<O
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Table 4.3A. I >pc I error fate when nominal rate is OS
Distribution Simple Sin

Sampling Plsn Skew Kurtosis n=IS it -20 M-25
l ower Tail Upper Tail Total Lower Tail Upper Tail Tout Lower Tail Upper Tail Total

Rammm u 5u -o 7-4 .023 .025 048 .025 .025 .050 .024 .027 .051

Systematic 0 50 -0 14 028 025 053 023 .027 .050 026 .025 .051

Stratified 0.50 ■0.14 .029 .025 054 .025 .024 .049 .026 .025 .051

( 'luster 0 50 -0 74 .024 .027 051 .026 .026 .052 .024 .026 .050

Table 4.3B. Type 1 error rate when nominal rate is .05
Distribution Sample Sin

Sampling I’ lan Skew Kurtosis a-25 a•20 a -25
Lower Tail Upper Tail Total Lower Tail Upper Tail Total Lower Tail Upper Tail Total

Random 0 50 7 23 .023 024 .047 .024 .022 .046 .023 .025 .048

Systematic 0 50 7 23 029 027 056 025 .026 .051 .025 025 .050

Stratified 0 50 7 23 027 026 053 .024 .024 .048 .024 .026 .050

( luster 0.50 7 23 .026 .024 .050 .023 .024 .047 .023 .026 .049

Table 4.3C._______ Type 1 error rate when nominal rate is .05
Distribution Sample Sin

Sampling I’ lan Skew Kurtosis a=15 a=20 a=25
Lower Tail Upper Tail Total Lower Tail Upper Tail Total Lower Tail Upper Tail Tot*,

Random 0 50 13 71 .023 024 047 .024 .023 .047 .024 .025 .049

Systematic 0 50 13 71 028 .026 054 .025 .027 .052 .025 .025 .050

Stratified 0 50 13 71 .026 .025 051 .024 .024 .048 .023 .026 .049

( luster 0 50 13 71 025 023 048 .023 .024 .047 .024 .026 .050
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c7)' Table* 4.4A. T\nc I cnor rale when nominal rale is 05(n 111 ■■■■■ ' ■ *" ■ ■ ■■■ ■—(f)
o 'o
o

CD

Sxmplini! Plan 

Random

Distribution 
Skew Kurtosis

0 76 -0 23

«-
Lower Tail 

.022

=15
Upper Tail

.026
Total
048

Sample Stic
n-20

Lower Tail Upper Tail 
.025 .026

Total
051

m
Lower Tail 

024

-25
Upper Tail 

.026
Total
050

O
■o
-5

Systematic 0 76 ■0 23 027 025 052 022 .026 .048 .026 .026 .052
CQ
S’l-H
o

Stratified 0.76 -0.23 .026 .024 .050 .024 .024 .048 .026 .025 .051

o
CD

(luster 0 76 -0 23 .022 028 .050 .024 .027 .051 .023 .027 .050
—s

T1 1 able 4.4B. 1 ypc I cnor rale when nominal rate is .03

CD

CD
■o-5O

Sampling Plan

Random

Distribution 
Skew Kurtosis

0 76 6 07

m
Lower Tail 

025

-IS
Upper Tail

022
Total
047

Sample Siae 
n-20

Lower Tail Upper Tail 
.023 022

Total
.045

n
Lower Tail

.023

•25
Upper Tail 

.022
Tout
045

c
a
o

Systematic 0 76 6 97 .025 .024 049 .021 .025 .046 .022 .025 .047

"O-5o
Stratified 0 76 697 .022 .022 .044 .023 .022 .045 .027 .024 .051

g; (luster 076 697 .023 .026 .049 .024 .028 .052 .022 .025 .047
CDQ.

Table 4 4( . Tvpc 1 error rate when nominal rate is 05
l-H
ocl-H
T3
CD
—i

3

Sampling Plan 

Random

Distribution 
Skew kurtosis

076 13 71

n
Lower Tail 

.020

•IS
Upper Tail 

.024
Total
.044

Sample She 
m-20

Lower Tail Upper Tail 
.020 .024

Total
.044

»

ft
Lower Tail 

.022

•25
Upper Tail 

.021
Total
.043

inin
o'
3

Systematic 0 76 13 71 022 .025 047 022 .022 .044 .023 .021 .044

Stranfied 0 76 13 71 .022 .020 .042 .019 .021 .040 .023 .024 .047

(luster 0 76 13 71 023 .028 051 .025 026 .051 .021 .025 .046

K>
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I .diK 4.5A . I v pc I cnoi rale when nominal rate is 03

Distribution Sample Ske
Sampling Plan Ske* Kurtosu r -15 R -20 R -2J

Lower Tail Upper Tail Total Lower Tail Upper Tail Total Lower Tail Upper Tail Total
Random 1 00 0.42 .022 .025 .047 .024 .025 .049 .024 .026 .050

Systematic 1 00 042 .028 .025 053 .024 .026 .050 .026 .026 .052

Stratified I 00 0 42 .025 .023 .048 .024 .025 .049 .026 .024 050

( luster 1 00 0.42 .020 .028 .048 023 .029 .052 .021 .028 .049

Tabic 4.SB. Type 1 error rate when nominal rate is .05
Distribution Sample Ske

Sampling I’ lan Skew Kurtosis R=75 R-20 R-25
Lower Tail Upper Tail Total Lower Tail Upper Tail Total Lower Tail Upper Tail Total

Random 1 00 7 07 .025 .022 047 .024 .022 .046 .023 .022 .045

Systematic 1 00 7 07 .025 .024 049 020 .025 .045 .022 .025 047

Stratified 1.00 7 07 .022 .022 .044 023 .022 .045 .027 024 051

(luster 1 00 7 07 .021 .027 .048 .024 .029 .053 .021 .025 .046

Tabic -i.SC. T\pc 1 error rate when nominal rate is .05
Distribution Sample Ske

Sampling Plan Skew kurtosis R-15 R-20 R-25
Lower Tail Upper Tail Total Lower Tail Upper Tail Total Lower Tail Upper Tail Total

Random 1 00 n  7i 020 024 044 .020 .024 .044 .022 .021 .043

System atic 1 00 13 71 .022 .025 047 .022 .022 .044 .023 .021 .044

Stratified 1 00 13 71 022 021 043 .019 .021 .040 .023 .024 .047

< lUNl. | 1 II1 : * : t 023 029 052 024 027 051 .021 .025 .046

u>
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Table 4.6.V Tvpc I error rale when nominal rale is 05
Distribution Sample Size

Sampling Plan Skew Kurtosis n=IS ft-20 n-25
Lower Tail Upper Tail Total Lower Tail Upper Tail Tout Lower Tail Upper Tail Total

Random 1 26 1 .14 .022 .023 045 024 .026 050 .024 .025 .049

Systematic 1 26 1 34 .027 .024 051 024 .025 .049 .025 .026 051

Stratified 1 26 1 34 .026 025 051 023 .024 .047 .027 .024 .051

( 'luster 1 26 1 34 .018 .029 .047 .021 .028 .049 .021 .028 .049

Table 4.6B. I tpc 1 error rale when nominal rale is OS

Distribution Sample Sixe
Sampling Flan Skew Kurtosis n-15 n-20 n-25

Lower Tail Upper Tail Total Lower Tail Upper Tail Tout Lower Tail Upper Tail Total
Random 1 26 7 53 .024 022 046 024 .022 .046 022 .022 044

Nl NIf Ml.lIII . :o 024 024 048 021 025 046 .023 .026 049

Stranded 1 26 7 53 027 026 053 024 .024 .048 .024 .025 049

( luster 1.26 7 53 .020 .028 .048 .023 .030 .053 .020 .027 047

Tabic 4.6C. Type I error rate when nominal rate is .05
Distribution Sample Size

Sampling Plan Skew Kurtosis M=15 ft-20 I ft-25
Lower Tail Upper Tail Total Lower Tail Upper Tail Total Lower Tail Upper Tail Total

Random i 2(> 11 ; i .020 023 043 .019 .024 .043 .022 .021 .043

Systematic 1 26 13 71 .022 025 .047 .021 .022 .043 .023 .022 045

Stratified 1 26 13 71 .022 .021 043 .020 .022 .042 .023 .023 .046

< luster 1 26 13 71 021 029 050 .023 .028 051 .020 .026 .046

<-nA
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Tabic 4.7.V.________ I \pc I error rale when nominal rale is OS

S.mt|>liii!> Plan 

Random

Distribution 
Skew Kurtosis

1 50 2 37

/i*
Lower Tail 

.022

IS
Upper Tail 

024
Total
046

Sample Size 
n-20

Lower Tail Upper Tail 
.023 .025

Total
.048

n-25
Lower Tail Upper Tail 

.024 .025
Total
.049

Systematic 1 50 2 37 .026 .024 050 .024 .026 .050 .025 .025 050

Stratified 1 50 2 37 .025 .024 049 .024 .024 .048 .027 .023 050

( luster 1.50 2 37 .017 .030 .047 .018 .029 .047 .020 .028 048

Table 4 "B T\ pc 1 error rate w hen nominal rale is 05

Sampling Plan 

Random

Distribution 
Skew Kurtosis

1 50 8 04

n-15
Lower Tail Upper Tail 

.020 .024
Total
044

Sample Size 
n-20

Lower Tail Upper Tail 
020 .025

Total
.045

n>
Lower Tail 

.023

•25
Upper Tail 

.022
Total
045

Systematic 1 50 804 024 .026 050 .022 .023 .045 .023 .023 .046

Stratified 1 50 804 023 022 045 020 .024 .044 .023 .026 .049

( luster 1 50 804 .019 .031 .050 .023 .030 053 .021 .027 .048

Table 4.7C. Tvpc 1 error rate when nominal rate is .05

Sampling Plan 

Random

Distribution 
Skew Kurtosis

1 50 13 71

H
Lower Tail 

.020

-IS
Upper Tail 

.023
Total
.043

Sample Size 
n-20

Lower Tail Upper Tail 
.018 .024

Tout
.042

1

n
Lower Tail 

.022

-25
Upper Tail 

.022
Total
.044

Systematic 1 50 13 71 .022 .024 .046 .020 .022 .042 022 .022 044

Stralilicd 1 50 13.71 021 .021 042 .020 .022 042 .023 .024 .047

< 'luster 1 50 1371 .020 .030 050 .022 .028 .050 .020 .026 .046
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Tabic 4.8,\ .________ fspc I error rale when nominal rale is 05

Sampling Plan 

KantJum

Distribution 
Skew Kurtosis

176 3 71

A
Lower Tail 

.022

=75
Upper Tail 

.024
Total
046

Sample Site 
m=20

Lower T ail Upper T ail 
.022 .024

Total
.046

a-25
Lower Tail Upper Tail 

.024 .023
Total
.047

Systematic 1 76 3 71 .025 024 049 024 .026 .050 .025 .026 .051

Stratified 1 76 3 71 022 022 044 023 .022 .045 .026 023 .049

( luster 1 76 371 016 031 047 .016 .030 .046 .018 .028 046

Table 4.8R Type 1 cnor rate when nominal rate is .05

Sampling Plan 

Random

Distribution 
Skew Kurtosis

I 76 8 71

A
Lower Tuil 

.020

-75
Upper Tail 

.024
Total
044

Sample Ske 
a-29

Lower Tail Upper Tail 
020 .024

Total
.044

A
Lower Tail 

.023

-25
Upper Tail 

.023
Total
.046

Systematic 1 76 871 024 .026 050 .022 .023 .045 .023 .023 .046

Stratified 1 76 871 .023 022 045 .020 .024 .044 .023 .026 .049

(luster 1 76 871 017 032 049 021 .031 .052 .020 027 .047

Table 4.8C. Type 1 error rate when nominal rate is 05

Sampling Plan 

Random

Distribution 
Skew Kurtosis

176 13 71

A
Lower Tail 

.020

=75
Upper Tail 

.023
Total
043

Sample Ske 
a -20

Lower Tail Upper Tail 
.019 .023

Total
.042

A
, Lower Tail 

.022

=25
Upper Tail 

.021
Total
.043

Systematic 1 76 13 71 .023 024 047 .021 .021 .042 .022 .021 .043

Stratilied 1 76 13 71 .021 021 042 .019 .022 .041 .022 .024 .046

( luster 1 76 13 71 018 031 049 022 030 .052 .020 026 046

LftOn
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Table -I.9A. Tvpe 1 error rate when nominal rale is .05
Distribution Sample Sim

Sampling Plan Skew Kurtosis n -25 <i-20 H-23
Lower Tail Upper Tail Total Lower Tail Upper Tail Total Lower Tail Upper Tail Tout

Random 2 00 5 IS .022 .023 045 .023 .024 .047 .024 .023 .047

Systematic 200 5 15 .024 .024 048 .023 .025 .048 .025 .025 .050

Stratified 200 5 15 .021 020 .041 .024 .023 .047 .026 .022 .048

( luster 200 5 15 .014 .032 .046 .014 .030 .044 .017 .030 .047

Table 4.9B. Type I error rate when nominal rate is .05
Distribution Samplt Sim

Sampling Plan Skew Kurtosis It -25 m-2# H -25
Lower Tail Upper Tail Total Lower Tail Upper Tail Total Lower Tail Upper Tail Total

Randum 200 9 43 020 023 043 019 .023 .042 .024 .023 .047

Systematic 200 9 43 .023 025 048 .022 .023 .045 .023 .023 .046

Stratified 200 9 43 .023 021 044 .020 .024 .044 .023 .026 .049

(luster 200 943 .015 .032 .047 .019 .031 .050 .020 .028 .048

Table 4.9C._______ Tvpe I error tale when nominal rate is OS
Distribution Sample Sim

Sampling Plan Skew Kurtosis «i-75 M-20 M-25
Lower Tail Upper Tail Total Lower Tail Upper Tail Total Lower Tail Upper Tail Total

Randum 200 13 71 025 027 052 .024 .025 .049 .022 .026 .048

Systematic 200 13 71 026 025 051 .025 .025 .050 .026 .027 .053

Stratified 200 13 71 027 026 053 021 .025 .046 023 .025 .048

< luster 200 13 71 017 029 046 017 030 047 020 027 .047

in
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Table 4.10A.______ Type I error rale when nominal rale is 05
Distribution Sample Sice

Sampling Plan Skew Kurtosis a =15 a =20 a =25
Lower Tail Upper Tail Total Lower Tail Upper Tail Total Lower Tail Upper Tail Total

Random 2 26 696 .022 .022 044 .020 .023 .043 .023 .023 .046

Systematic 2 26 6 96 .023 .023 046 .023 .024 .047 .024 .024 .048

Stratified 2 26 6 96 .021 .019 040 .023 .023 046 .025 .021 .046

( 'luster 2 26 696 .013 .034 .047 .014 .032 .046 .017 .030 .047

I able 4. IQB.________U p e  I error rate tv hen nominal rate is OS

Distribution Sample Sice
Sampling Plan Skew Kurtosis a “15 A •20 A•25

Lower Tail Upper Tail Total Lower Tail Upper Tail Total Lower Tail Upper Tail Total
Random 2 26 10 34 .019 023 042 020 .023 .043 .023 .023 .046

•Systematic 2 26 ID 34 023 025 048 022 022 044 023 .023 .046

Stratified 2 2o in 14 022 021 043 020 .024 044 024 025 .049

( luster 2 26 10 34 013 034 047 018 .031 049 019 .028 .047

Table 4. UK . 1 vpe 1 error rate when nominal rale is 05
Distribution Sample Sice

Sampling Plan Skew Kurtosis A=15 A=20 A=25
Lower Tail Upper Tail Total Lower Tail Upper Tail Total Lower Tail Upper Tati Total

Random 2 26 13 71 026 027 .053 .024 .025 .049 .024 .026 .050

Systematic 2 26 13 71 025 .025 050 .024 .025 049 025 .025 .050

Sit .titlii tl 2 26 H 7| 025 025 050 023 025 048 .025 .024 049

( luslci 2 26 M 71 015 031 046 016 030 .046 .019 028 047

c/i00



fa b le  4.11 A. U p c l  error fate when nominal rate is OS

Distribution

Sam pling Plan Skew K urtosis n
Lower Tail

=15
Upper Tail Total

K anilnni 2 50 8 87 021 020 041

S itte in a lli 2 50 8 87 021 023 044

Stratified 2 50 8 87 .020 019 039

( lustci 2 50 8 87 010 034 044

Sample Star
n=20 *“25

Lower Tail Upper Tail Total Lower Tail Upper Tail Total
020 .023 .043 .022 .023 .045

.023 .024 047 024 .024 .048

022 .023 045 .023 .022 .045

.013 .033 .046 .016 .031 047

fable 4.1 IB. I spe I error rale when
Distribution

Sampling Plan Skew Kurtosis

Kandnm 2 50 I I  29

.Snliiiulu 2 50 11 20

Sir'atllied 

< luslvl

2 50 

2 50

11 2lJ 

I I  29

rate is OS

it-15
Lower Tail Upper Tail Total

.019 .022 041

.023 .023 046

022 019 041

.011 036 047

Sample Site 
n-20

Lower Tail Upper Tail Total
.019 .022 .041

022 .021 .043

.021 .023 .044

.016 .032 .048

n-25
Lower Tail Upper Tail Total

.024 .023 .047

.022 .023 .045

.024 .025 .049

.018 .029 .047

Table-M IC. 

Sampling Plan 

Kantlom 

SsslematK 

Mratdivd

Distribution 
Skew Kurtosis

2 50 
2 50 
2 5u

*v t/\

13 71 

13 71 

13 71 

1111

n-15
1 ,ow er Tail Upper Tail Total 

.022.019

022

021
on

.024

.020

034

041

046 

041

047

Sample Site 
n-20

Lower Tail Upper Tail Total
.022.019

.022

019

017

.021

023

031

.041

043

.042

048

n-25
Lower Tail Upper Tail Total

.023 .022 .045

.023 023 .046

023 .024 .047

018 028 046
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I .ihlr -I 12 V 1 v pc I cnor rale w hen nominal rale is OS

Sampling Plan 

U.iiiiIiiiii

Distribution 
S lita  Kurtosis

:  7f. I I  28

n-15
Lower Tail Upper Tail 

019 021
Total
040

Sample Ske 
n-20

Lower Tail Upper Tail 
021 .022

Total
.043

n-25
Lower Tail Upper Tail 

.021 .022
Total
043

Systematic 2 76 I I  28 .021 .022 043 .023 .023 .046 .025 .024 .049

Stratified 2 76 I I  28 019 019 038 023 .022 .045 .024 .022 046

( luster 2 76 11 28 009 .035 044 o n .034 045 015 .032 047

Table 4.12ft Type I error rate when nominal rate is .OS

Samplui|! I ’lau 

KamJom

Distribution
Skew Kurtosis

2 76 12 50

n
Lower Tail 

022

-15
Upper Tail

.023
Total
045

Sample Sice
n-20

Lower Tail Upper Tail 
.023 .024

Total
.047

n1
Lower Tail 

.024

“ 25
Upper Tail 

.025
Total | 
.049

Systematic 2 76 12 50 021 022 043 024 023 .047 .025 .026 .051

Stratilioil 2 76 12 50 019 022 041 .021 .022 043 022 022 .044

( luster 2 76 12 50 006 034 040 .008 .032 .040 .013 .030 .043

1 able 4.12C. Tvpe 1 error rate when nominal rate is OS

Sampling Plan 

Random

Distribution 
Skew Kurtosis

2 76 I t  71

A
Lower Tail 

020

15
Upper Tail 

021
Total
041

Sample Ske 
n-20

Lower Tail Upper Tail 
021 .021

Total
.042

n
Lower Tail 

.022

-25
Upper Tail 

.021
Total
.043

Ssslematit 2 76 15 71 018 .020 038 021 .021 .042 022 021 .043

Stratified 2 76 I f  71 019 020 039 020 021 .041 .021 .021 .042

< luster 2 76 I f  71 019 055 074 023 050 .073 026 048 074

s
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Table 4.13. Type I cnor rate when nominal rate is OS 
Distribution

Plan Skew Kurtosis n*7 5
L-T ail U-Tail

Random 300 13.71 .020 .020

Systematic 3.00 13.71 .021 .021

Stratified 3.00 13.71 .021 .019

Cluster 3.00 13.71 .009 036

Sample Size
n -2 0  n -2 5

Total L-T ail U-Tail Total L-T ail U-Tail Total
.040 019 .021 .040 023 .022 .045

.042 .021 .023 .044 .023 022 .045

.040 .023 .023 .046 .024 .021 .045

.045 .010 .035 .045 .014 .031 045
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Table 4.14. Sampling from a. Clustered Distribution

skew kurtosis
Cluster 1 0.76 -0.23

Cluster II 1 50 8 04

Cluster II I 2 50 11 29

Type I error rate when nominal rate is .05

lower tail

Sample Size 
n=30

upper tail Total

.018 .018 .036



Table 4.1 S. Sampling from a Stratified Normal Distribution

Stratum I 

Stratum II

Stratification of Distribution
lower 1/3 middle 1/3 upper 1/3

80% 10% 10%

10% 80% 10%

Stratum III 10% 10% 80%

Sample Size
n=30

lower tail upper tail Total
0.000 0.891 0.891

0.026 0.022 0.048

0.892 0.000 0.892
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Table 4.16. Sampling from a Stratified Chi-Square Distribution
Stratification of Distribution Sample Size

lower 1/3 middle 1/3 upper 1/3 n=30
lower tail upper tail Total

Stratum I 80% 10% 10% 0.000 0.891 0.891

Stratum II 10% 80% 10% 0.111 0.003 0.114

Stratum III 10% 10% 80% 0.754 0.000 0.754



Chapter Five 
Conclusion

The results obtained from the sampling of nonnormal 
distributions indicate the importance of sampling in 

hypotheses testing. As the distributions varied from normal 

to a skew of 3.00 and kurtosis of 13.71, all of the sampling 
procedures became more conservative with respect to Type I 

error rates.
Larger sample sizes maintained power and preserved Type 

II error rates better than smaller samples. In almost all 

examples larger samples sizes (25) produced Type I error 

rates that were closer to nominal rates when compared to 

smaller sample sizes. As the distributions varied farther 
from normality , samples of size 25 maintained nominal alpha 

throughout. Larger samples almost always performed better 

than smller samples.

The additional analysis of stratified populations

variables and clustered population variables showed even

more striking results. When researchers use simple random
sampling procedures on stratified and clustered populations,

the t test becomes even more liberal with respect to Type I

error rates in clustered populations. In stratified

populations Type I error rates reached 89%. The analysis of

these distributions indicate that lumpy, non-overlapping, or

bi-modal populations are far greater threats to power than
65
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smooth continuous population forms (see Micceri, 1989).
When skew reached 2.00 the loss of power was 

significant for all plans when, sample sizes were small (15). 

The combination of small sample sizes (15) and nonnormality 
created a significant lose of statistical power. Cluster 

sampling and to a lesser degree stratified sampling 

procedures, show uneven Type I error rates between upper and 
lower tails. Bradley (1980) found that robustness 
(insensitivity to assumption violations) is worse (less 

insensitive) in two tail t test when the population is 

skewed. When populations are symmetric, robustness for a 
two-tail test is either superior to or intermediate between 

the robustness of upper or lower tail test at the same alpha 

level. The study results also indicates that the t-test is 
more sensitive to Skew nonnormality than it is to kurtosis 

nonnormality. As the distributions became more positively 

skewed, lower tail Type I error rates became more 
conservative. This was especially true in the case of 
cluster sampling.

The cluster sampling and stratified sampling results 

reported in tables 4.1 through 4.13 lack the design 

considerations researchers would normally apply in field 
studies. Researchers would normally establish clusters or 

stratas based on some pre-existing knowledge of the 
population. Clusters would typically be formed based on 

some pre-existing geographic, political or social grouping.
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Stratas would normally be the result of grouping by race, 
income ethnicity, or gender. This would have added greater 
precision to both cluster and stratified sampling.

Systematic sampling maintained nominal alpha better 

than simple random sampling. As greater positive skew was 

added, random sampling became more conservative. Type I 
error rates dropped to 3.96%, when skew was 3.00 and sample 
sizes were 15. Systematic sampling had Type I error rates 

of 4.2% for the same skew and sample size. While these 

procedures seem very similar, systematic sampling provided 
a slight advantage with greater power and near perfect 

balance between upper and lower tail rejections rates.
Overall all sampling plans provided randomization and 

preserved power when skew was below 2.00. Kurtosis ranged 

from the absolute minimum for each level of skew to the 
maximum (13.71). Sampling was done for each level of skew 

at the minimum kurtosis to a mid-point then to the maximum 

kurtosis. Varying the level of kurtosis seems to have only 

minor effect on Type I or Type II error (compare tables 

4.12A, 4.12B and 4.12C) .
Research design should include consideration for 

sampling plan. It should also include considerations for 
power, alpha, sample size and effect size. In order to make 

these decisions researchers must have some indication of the 
shape of the population variable of interest. They need to 

know a priori if the distribution of the variable of
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interest is so nonnormal that it poses a threat to nominal 
Type I error rate. This can be determined from pilot 
studies, prior research, or research on correlated 

variables. Hopkins and Weeks (1990) suggest that measures 

of skew and Kurtotsis should be a routine part of data 
analyses and reporting. When this data is reported the 

reader can better assess the statistical conclusions of the 

research.
Cohen's power tables and sample design options provide 

a framework for research planning and design. The 

researcher can determine the appropriate level of power 

based on experimental data versus data from quasi 

experiments or field studies. Effect sizes can be based the 

expected treatment effect size. The researcher should have 
some hypothesized treatment effect size. Alpha can be set 

based on convention or consideration for the risk of Type I 

versus Type II error consequences. Sampling procedures 
should be selected based on some knowledge of the population 

of interest.

When Hypotheses testing is conducted using sample data 
the results are totally dependent on the value of the sample 
elements. Ronald Carver (1978, 1993) is a severe critic of 

hypotheses testing. He suggest that hypotheses testing be 

completely abandoned in social science research. This 
conclusion might be extreme, however He offers the following 

summary of the t test when used in test of statistical
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significance.

( X . - X ^ / S D ^

The numerator is the mean difference or effect size. The 
denominator is a measure of sampling error. This equation 
could be written as follows:

Effect size/Standard error of the sample 
Carver suggest that the t test is a ratio of effect size to 
standard error. This equations reveals a flaw in hypotheses 
testing when researchers fail to report effect size separate 

from significance results. When effect sizes are large and 
the standard error of the sample is large the resulting t is 
small. If the same effect size is obtained with a small 
sample standard error, the resulting t value is larger. If 

the standard error of the sample is large as a result of 
poor sampling procedures and not a reflection of the 

variability in the population, Type II error rates will 

result. The resulting loss of power is a direct result of a 
poor sample plan.

The relationship between effect size and sample 
standard error demonstrates the importance sampling has on 
hypotheses testing. When a researcher conducts Hypotheses 

testing he in effect accepts the sample as a reflection of 
the population to which results will be generalized. 

Hypotheses testing makes no attempt at verifying or 
connecting sample data with real world statistics. The 
researchers must accept the data at face value. The results
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obtained from a single test of hypotheses are therefore 
ambiguous. This problem is made more compelling when the 
underlying assumption of normality is violated. Sample 

design considerations are therefore critical to hypotheses 
testing.

When hypotheses tests are based on samples, results may 

not generalize to the population or replicate in other 
samples or hypotheses tests. When the researcher comes 
across nonnormal data he must be guided by considerations 
for the impact on hypotheses testing as well as 

generalizability. Researchers need to always be aware that 
hypothesized results are only valid to the extend that they 
reflect the target population. Replication in other samples 

and other experiments confirm the theoretical results 
obtained from test of hypotheses.

When researchers are unaware or ignore clustering or 

stratification in population variables, the implications for 

hypotheses testing can be disastrous. Tables 4.14. and 
4.15. present sample results based on sampling from 

stratified populations (4.15.) and clustered populations 
(4.14.) .

Table 4.14. presents results obtained from sampling a 
clustered population with different skew and kurtosis in 

each cluster. The results indicate that the t test becomes 

more conservative when samples are from these types of 
populations. Actual Type I error rate is 3.6% when the
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nominal rate is 5.00%. This distribution is similar to 
distributions actually encountered in real world populations 
(Micceri, 1989) . Distributions that are lumpy and multi

modal, could yield similar results when sampled.
When researchers sample stratified populations and 

ignore strata important information is over looked and a 

significant opportunity to increase sample precision is 
lost. This study stratified the population in thirds. This 
was done to illustrate the effect of stratification. If the 

stratification was done to create stratas of vastly 

different sizes, the results could have been even more 
dramatic. A researcher conducting sampling on true 

population variables could mistakenly ignore stratas and 

sample from either strata I or strata III as in table 4.15. 
For example, if a researcher wanted to sample psychologists 
and only sampled psychologists in private practice, the 

sample results would achieve randomization, but only within 

one strata. The sample would include urban and rural 
psychologists, psychologists with large medium and small 

practices, different ethnic groups would be included and 

different income levels would be reflected. However, 

significant information in different strata would be 
ignored. The research would exclude psychologists working 

in clinics or hospitals, industrial psychologists working in 

private industry, psychologists working in public schools, 

psychologists teaching at universities, and all of the
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licensed psychologists who work in areas totally unrelated 
to psychology. If this occurred the Type I error rate could 
be similar to the results pres.ented in table 4.15.
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SAMPLING PROCEDURES AND TYPE I ERROR RATES 
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This study focuses on sampling as an essential part of 

research in education and the social sciences. The results 
obtained from sampling are generalizable to the extent that 

the sample reflects the population to which the results will 
be applied. Underlying the generalizability theory is the 

assumption that the population of interest is normally 

distributed. Many researchers contend that distributions in 

the social sciences do not conform the to assumptions of 
normality. These researchers find that population variables 

that violate the underlying assumption of normality can 

effect results when real data distributions are encountered.

The question in this research is how can sampling
procedures minimize the effects of non-normal distributions

when the violations are sufficiently large enough to affect

results. This study addresses issues related to hypotheses

testing specifically, the effect on the t-test for
80
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independent means when sampling from non-normal 
distributions. Random sampling, systematic sampling, 
stratified sampling and cluster sampling procedures are 

examined. A Monte Carlo simulation is used to compare these 
procedures. Type I error rates are computed for each 
procedure. Sample sizes of fifteen, twenty, and twenty-five 

are used for each sampling plan. The results from sample 
simulations are presented in tables for comparison.
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