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Introduction
Social research was about producing knowledge of the social world that was captured
through the epistemological questions of how the social world can be known in regard with the
issues of belief, assertions and propositions (Pascale, 2011). Newell (1990) stated perception
occurs through the stimulation of sensory neurons in the form of seeing, hearing, touching,
smelling, and tasting. Further research by Boeree (2003) proposed that perception entailed not
only sensing things but also making the relationship between things as well (Boeree, 2003).
Therefore, our perception of the world is through making relationship between natural and social
phenomena.

However, it was the seventeenth century that science and scientific research became the
center of attention; in fact, seventeenth century “distinguished the modern world from earlier
centuries” (Russell, 1974, p. 512). The philosophers such as Descartes (1596-1650), Kepler
(1571-1630), Galileo (1564 – 1642), Newton (1642-1727), and Bacon (1561 – 1626) were preeminent in the creation of science. Seventeenth century was a pronounced era of growth of
science and technology (Gilbert, 1540-1603; Harvey, 1578-1657; Leeuwenhoek, 1632-1723).
These scientific miracles transformed the outlook of educated man completely; no more
witchcraft stories and no medieval thinking. Among these philosophers Francis Bacon (15611626) was the pioneer in the attempt at logical systematization of scientific research. There is a
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famous statement of Francis Bacon and that is: “Knowledge is Power”; it simply says the way
that man acquire mastery over the forces of nature, is by scientific discoveries and inventions (as
Cited in Russell, 1974, p. 521).
However, historically, science was resembled to nature and scientific research referred to
as the study of nature. In other words, formulating, unfolding, learning, and understanding this
process was embodied in what was named scientific research. Scientific research was based on a
world that existed, was known to us through our senses, and had governing order that must be
discovered (Singleton & Straits, 2005). Thus, the function of scientists was to describe and
explain the presumed order to the world and made inferences through different disciplines with
the help of deductive reasoning. Besides, with these assumptions scientists only dealt with
problems that could be resolved through observations. Moreover, the empirical evidence was
external to the scientists; and scientists were objective in a sense that they were “free from
emotion, conjecture, or personal bias” (p.29). These assumptions were the core base of the
positivist worldview and the design that was developed, further, based on that outlook and was
named quantitative research.
Therefore, according to this tradition, the social research was considered the same as
scientific research and took the methods established in the physical sciences. Auguste Comte
(1798- 1857) was one of the first researcher who asserted that “authentic Knowledge comes from
personal experience rather than from metaphysical or theological foundations” (as cited in
Pascale 2011, p.13). Comte who was considered as the founder of positivism argued that
scientists can discover the laws governing empirical events by relying on observable facts and
relations among them. (Hawkesworth, as cited in pascale, 2011, p.13).
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Thus, from this perspective, positivism presumed that social laws were found the same as
natural laws and the world existed as an objective entity and was knowable in its entirety.
Positivism was an ontological position that assumed the existence of a reality that could be
objectively described or measured. In fact, positivism through the oncological belief that a single
reality existed and the epistemological claim that this reality could be known objectively argued
that there was one correct logic for scientific inquiry and that was positivism; as such,
“positivism served as the methodological foundation of early social sciences” (Pascale, p.14.).

Historically, the positivist paradigm became the backbone theory for quantitative
research. However, later it was challenges in a way that it was not possible to get to the absolute
true knowledge (Phillips & burbules, 2000). Moreover, “we cannot be positive about our claims
of knowledge when studying the behavior and action of human” (Creswell, 2014, p.7). As a
result, post positivist perspective came out from the work of 19th century writers such as Comte,
Mill, Durkheim, Newton, and Locke (Smith 1983, as cited in Creswell, p.7). According to postpositivists view, causes would probably determine the outcome; therefore, the researcher should
identify the causes that determine the outcome. Therefore, the positivists perspective that reality
can be fully known changed into the post-positivism; “reality can be known within some level of
probability” (p.77). With the same reasoning, whereas in positivism, objectivity can be achieved
in the research process, in post-positivism, objectivity is a goal that may be achieved.
Positivist research can be characterized by a quest for deterministic view which is
expressed through a reductionist reasoning in a way that to reduce the ideas to small, discrete set
to test. The knowledge that developed through a post-positivist lens is based on careful
observation, and measurement of the objective reality that exists in the world. Finally, there are
laws or theories that govern the world and they have to be tested. In other words, a researcher
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attempts to determine a cause and effect relationship between identifiable objects with a
reductionist policy that reduces the research problem to a specific variable, hypotheses, and
questions. Then, the researcher produces statistical data through measurement, observation,
instrumentation, employing appropriate design and would tests the theories. Applying
quantitative methodology in social research is, therefore, similar to natural science and is based
on positivist approach (Bryman, as cited in Creswell, 2014).
The characteristics of positivist approach are: “preoccupation with operational
definitions, objectivity, replicability, causality, and the like “(Creswell, 2014 p. 77). For
example, in a survey research which is very typical in quantitative approach, the use of
questionnaire separates the observed from the observer, can be replicated when the same
instrument is used in different context. The quantitative methodology which carries the positivist
or empiricist assumptions should also follow the epistemological argument and be pinned on a
solid available theory, as an acceptable knowledge (Bryman, as cited in Creswell, 2014). In
quantitative research, questions and hypotheses are related to variables of the study. Quantitative
research questions inquire about the relationships among variables, while quantitative hypotheses
are predictions the researcher make about the expected outcome of those relationship.

Moreover, on the purpose or goal of the study, in quantitative studies it typically starts
with a generalization or general hypothesis based on existing theory and knowledge and the goal
of researcher is to determine whether statistical support exists for the hypothesized relationship.
Variables are measured through instrumentation; that is being measurable and numeric, even if
subjective phenomena are involved in the research. This is done through surveys, tests,
experiments, and quasi experiments. Finally, if a relationship is tested and proved positive
repeatedly then, there is an established theory that is added to the body of knowledge and can be
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inferred deductively from macro level to micro, or from top –down. Besides, in regard with data
collection, in quantitative research data, variables or constructs, have to be observable or
measurable, even when subject of research is about feelings, beliefs, intentions, prior behavior,
effects, and so on. They needs to be reduced to, or reframed as, numeric data and the conclusions
and final discussions are based on statistical significance and in numerical form.
Different Designs in Quantitative Research
Research design is “the glue that holds the research projects together” (Trochim, 2001, p.
171). In other words, it shows how the research is structured and how the whole procedure of
research is put together. Different strategies in quantitative research have changed with the
advancement of technology and economy during the 19th and 20th centuries. These inquiries all
embraced the post-positivist, empiricist paradigms among which survey research, true
experiments, and the ones that are less rigorous, quasi-experiments, and correlational inquiries
(Campbell and Stanley, 1963). Furthermore, there are also specific single-subject experiments
(Cooper, Heron, & Heward, 1987; Neuman & McCormick, 1995), factorial designs, and repeated
measures designs (Creswell, 2014). However, the most used designs in quantitative research are
survey research, experimental, and quasi-experimental research.
Survey Research
In survey research, there are usually a large number of respondents, called the sample; the
sample must be a true representative of population in character and behavior. The purpose in a
survey research is that certain attitude, behavior, or character of the sample to be generalized to
population. The methodology is based on asking a lot of questions from participants, questions
can be open ended, or closed ended, direct, or indirect. Answers to be obtained via mail, email,
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or personal interviews. The answers are numerically coded and the data will be analyzed. Data
analysis techniques depends on whether the survey’s purpose is descriptive, explanatory, or
combination of both; in descriptive analyses, researchers describe the concluded results from
sample and generalize it to population (Creswell, 2014). Also, survey can be cross sectional or
longitudinal, and the sample can be single individual, or a group, cluster, random or non- random
(. (Singleton& Straits, 2005).
In survey design of inquiry, the purpose and rationale for study is to generalize from a
sample to a population so that the concluding results about characteristics, behavior, and attitude
of the sample might be generalized to the population. Conducting a survey research, in
comparison with other methods of inquiry, is preferred for this research design because it is
easier to collect data from a sample, it is more economical, and it has a quicker turn around
(Creswell, 2014). Collecting data from the sample can be cross sectional or longitudinal. Cross
sectional data collection is collecting data from the sample at the same time. Longitudinal way of
collecting data is collecting data from sample individuals over time. Forms of data collection in
survey studies like other type of studies might be “mail, telephone, internet, personal interviews
or group administration” (Fowler, citing in Creswell, 2014, p.157). Instrumentation in the
research is either modified or intact, an instrument developed by someone else. If it is intact the
researcher must have permit to use it and the validity and reliability of scores obtained by this
instrument in the past experiences must be tested.
In survey research inquirer seeks for correlational relationship between independent and
dependent variables and the purpose and rationale for study is to generalize from a sample to a
population so that the concluding results about characteristics, behavior, and attitude of the
sample might be generalized to the population. Questions are closed-ended and should be
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designed on the basis of Likert scales. Since testing the hypotheses is essential in quantitative
research, research is based on large number of participants and therefore collecting data is
through questionnaire and interviews without direct supervision of the researcher.
Population and Sample

The objective of a researcher is to test the hypotheses and predict the expected
relationship between variables in a specific population. In order to do that, researchers collect
data, and get the result that has to be generalized from a sample to the population in research. It
is however, impossible for a researcher to administer the research procedure on the entire
population covered by the research problem. Therefore, researchers apply the testing on small
number of population (a sample) and infer the results to the population. Therefore, sampling
strategy is an essential part of quantitative research projects which ensure that sample is a true
representative of the population in the study.

Nachimas and Nachimas (2008) defined population as “aggregate all cases that conform to
some designated set of specifications” (p. 163). This applies to population in a specific country,
or a specific school and so forth. In the research projects, the specification that determines
population is research problem. Thus, population for a study is what is covered by the research
problem and is assigned for a particular test or study. Population in this respect refer to
individuals, groups, government, organizations, and so on. Thus, the first problem researchers
are facing in a research is how to look for proper type of population that accommodates their
research projects. Thus, population must be “defined in terms of (1) content, (2) extent, (3) time”
(P. 164).
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Population in the study is the number of individuals or groups that are the subject of
study. Samples are individuals that are selected by researchers to be studied. The size of the
sample depends on the methodology used in the study and it is more important in quantitative
research than qualitative. Since researchers take a fraction of population as sample, it is useful
for researchers to have pre-sample information about population. Sample design includes form of
sampling, single or multiple which is called clustering. Random sampling, that is mostly
recommended for quantitative survey research, is the random selection of individuals from
population so that each individual has some probability of being selected. In this case, there is a
higher probability that the result can be generalized from sample to the population. It is also
possible that to have different distinct groups in the population, called stratification; that is, male,
female (Creswell, 2014). The researcher should verify the site of investigation and get the permit
for accessibility to the site.
Type of sampling

After researchers determine the population involved in research, they have to set a
sampling frame. Sample frame consists of all units of samples and might not cover all unit of
analysis in the population. Sometimes some units of sample are not accessible for research;
therefore, the total units in the sampling frame will be less than population of research. Sample is
drawn from the sample units in the sample frame. Sample unit is a single unit is a sample frame
and can be individual, event, a nation, or documents. A good sample is the one that produces the
same outcome as if research is administered with all unit of analysis, or population (Nachmias &
Nachmias, 2008). In this case we can claim that the sample is a true representative of population.
There are two types of sampling: Probability and nonprobability sampling. In order to get the
best sample, all unit of analysis must have the same chance of participation in sampling; this is
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called probability sampling. Therefore, only in probability sampling a sample can be a true
representative of the population and only probability sampling can be used in sample design.
This is because in probability sample design, the researcher can use statistical measurement and
estimate the degree to which the outcome based on a sample differs from the observations from
studying the entire population. However, sometimes probability sampling is not attainable due to
the nature of study. In these cases, nonprobability sample design is implemented by researchers.

There are four types of probability sampling: “Simple random sampling, systematic
samples, stratified samples, and cluster samples” (Nachmias & Nachmias, 2008, p.169). Simple
random sampling is assigning an equal and nonzero probability of selection to each sample units
in the sample frame. Nowadays, random sampling is done by computer program or tables.
Systematic sampling is a procedure that the first unit is selected randomly and after that every
kth unit will be selected. In this sampling every sample unit has a 1/kth probability of being
selected. Although this system of design is more convenient for researchers, it will cause a bias
in the sample. Stratified sampling is primarily used by researchers to make sure that different
group of population are represented in the sample. Cluster sampling is often used in large scale
studying and it is the least expensive sample design. Nonprobability sampling is administered by
convenience, purposive, and quota sampling (Nachmias & Nachmias).

Sample Size
Sample size is the total number of sampling units that are selected by researchers for the
experiment. It can be any number; therefore, it is important to know how researchers should
determine the sample size. Sample size is another element that establishes whether a sample is a
true representative of population. In order for researchers to determine size of a sample in a
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research, they must know what level of accuracy they expect to get from their research; the size
of standard error that is acceptable to them. Refer to the definition of a good sample as a sample
that results in closeness of sample outcome with true value of the parameter in research, the
statistical measurement that relates to this quality is standard error. Researchers usually use
tables or power calculators to calculate the adequate sample size for the study (Nachmias &
Nachmias, 2008). The three pieces of information that researchers need to know before
calculating sample size are: Statistical power, alpha, and effect size (Burkholder, 2013).
Statistical power is the probability that a given statistical test will detect whether true relationship
exist between variables in the population. For this to happen, a large enough sample is needed.
Also, a proper sample size establishes good statistical measurement for the research and ensures
that the null hypotheses will be rejected.
Data Analysis
In the final proposal of research, a report should be given about the respondents and nonrespondents in the survey and to estimate if there is any response bias (Fowler, as cited in
Creswell, p.162). The researcher should give information about the independent and dependent
variables and the statistical procedures for testing the score of variables. If the number of
participants are small and the analysis is descriptive, there is no need for further information.
However, in more advanced research there should be statistical description of the research
program and presenting the result in tables or figures is necessary. APA 2010, suggests that the
most complete meaning of the result come from reporting extensive description. The statistical
significance test reports whether the observed scores reflect a pattern other than chance. A
confidence interval is a range of values that describe the level of uncertainty around an estimated
observed score. Effect size identifies the strength of conclusions about group differences.
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Experimental Design
Experimental design is a design commonly used in social research in which
intervention is involved and is seeking causal relationship between an independent
variable, treatment variable, and a dependent variable or outcome. Singleton& Straits
(2005) stated that despite the fact that many see a lot of resemblance between scientific
research and experimentation, much of social research is non-experimental. However,
they consider this method to be the best to test the causal hypotheses. They pointed out
that the key feature for experimental studies is manipulation and control through which
the researcher can control over the conditions of observation. Also, by changing the
conditions, testing the hypotheses, and measuring the change. In experimental design of
research researchers are seeking the relationship between variables, called hypotheses.
Individuals can be selected on a random or non-random basis. When individuals are not
randomly selected, the procedure is called a quasi- experiment and when individuals are
randomly assigned into groups, the procedure is called the true experiment. Variables
need to be specified in an experiment. Contrary to survey method, in experimental
research, the relationships, hypotheses, are important, therefore researchers must identify
independent and dependent variables.
Experimental design is a design in which a treatment is involved and is seeking for a
causal relationship between an independent variable, or treatment variable, and a dependent
variable, or outcome. In this design, the researcher usually selects two groups; experiment group
and comparison group. The idea of the research is to manipulate one group with the treatment
and then compare the posttest result with the other group that is not manipulated. Selection for
participants and sample selection either is done randomly or non-randomly. A randomized
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experiment generally is the strongest when your interest is in establishing a cause and effect
relationship. In case of random sampling it is called true experiment and there is higher
possibility that the sample represents the population; this is because, each individual has equal
probability of being selected. In true experiment, there is no systematic bias, because the
procedure of sampling eliminates the systematic differences among characteristics of
participants that can affect the outcome (Creswell, J., 2014).
The experiment is conducted on two equivalent groups, one of which is given the
‘treatment’ (the independent variable) and the other ‘control’ group is not given the treatment.
The following table displays the classic design where X is the treatment – the independent
variable applied, O 1 and O 3 are the pretested two randomly selected two groups, X is the
treatment, the test or the one independent variable applied to one group while O 2 and O 4 are the
results from the post-test.

Table 1

The Classic Experimental Design
Group
Experimental R

Pretest
O1

Posttest
X

---

O2-

Difference
O2

O1 =
de

Control R

O3

---

O4-

O4

O3 =
dc

Source: Frankfort-Nachmias & Nachmias (2008, p. 91)
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There are usually two groups in experimental designs: Control group in which the
researcher randomly selects and assign participants, but does not expose them to treatment and
the treatment group that has to be equally assigned and selected but is exposed to the treatment.
Pretest and posttest by researcher shows the effect of the treatment. The threat to validity in this
research, true experiment, is minimized due to random sampling, random assignment, and
including the control group. The merit in minimizing the threat to internal validity is to control
the preexisting subject differences and by making sure that the events occurring within each
experimental conditions are exactly the same except for the manipulated independent variable,
the principle is to allow only one factor, the independent variable to vary while controlling the
rest.
The purpose of experimental research is to trace a causal relationship between an
independent variable, determining factor, and dependent variable, determined factor. A valid
causal relationship in a research is only possible, if a researcher can control all extraneous
variables and only let the independent variable vary. This is only conceivable, if a researcher can
eliminate all pre-existing intrinsic factors pretest and control the events that occur during the test.
One big condition for not allowing the pre-existing intrinsic factors to intervene in the treatment
and distort the outcome is through the procedure of equalization or equivalency of groups. If
groups are not identical from the outset, the researcher does not know whether the outcome is a
result of treatment or the other extraneous element. In case extraneous influence, any inferences
from the independent to dependent variable does not have validity. It is almost impossible to
create identical groups, even with pairwise matching, because research groups consist of human
being with different background and attitude. Therefore, we have to rely on the idea of
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“probabilistically equivalent or equivalent within known probabilistic ranges”, (Trochim, 2001,
p. 193).
According to Singleton& Straits (2005) despite the fact that many see a lot of
resemblance between scientific research and experimentation, “much of social research is nonexperimental” (p. 155). However, they consider this method to be the best to test the causal
hypotheses. They pointed out that the key feature for experimental studies is manipulation and
control, through which the researcher can control over the conditions of observation. .
Other Types of Experimental Design
There are other types of experimental designs: “Pre experimental and single subject
design, factorial design, and within group design” (Creswell, J, 2014, p.171). In pre experimental
design, a researcher studies a single group and provides an intervention during the experiment.
The design does not have a control group to compare with experimental group. In single subject
design, the researcher is observing the behavior of single individual or a small group over time.
In factorial design, the researcher uses two or more treatment variable to examine the
independent and simultaneous effect on outcome; this is also called between group design. In
within group design participants are assigned to different treatment over time or a single
individual is observed over time. There are other types of research design stated by Nachmias &
Nachmias (2008). These are: Cross sectional design, pre-experimental design, the Solomon fourgroup design, and the posttest only control group design.
Solomon Four-Group Design
In this design there are four groups, two groups with pretest, and two groups that did not
have the pretest. In groups 3 and 4, one gets the X treatment, one does not, but neither
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experiences the pretest; thus, it minimizes all of the internal and external validity threats
discussed below. The Solomon Four-Group Design can be costly or impractical to create.
Table 2

The Solomon Four-Group Design (Experimental)
Pretest

Posttest

Differences

Comparis
on

R

O1

R

O3

R

X

X

O2

O2 – O1 = de

O 2- O 5

O4

O4 – O3 = dc

O 4- O 6

O5

R

O6

Source: Frankfort-Nachmias & Nachmias (2008, p. 104)
Posttest-Only Control Group Design
Table 3

The Posttest-Only Control Group Design (Experimental)
Posttest results
R

X

R

Source: Frankfort-Nachmias & Nachmias (2008, p. 106)

O1
O2
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A further variation used in long term effects; in a longitudinal study. This example uses
the Solomon Four design however there are two posttests.
Table 4

Delayed Effect Design (Experimental)
Prete

Posttes
s

Post
t

Differences
2

Comparis
on

t
R

O1

X

O2

O2 – O1 =

d e1 – d e2

d e1
R

O3

O4

O4 – O3 =

d c1 – d c2

d c1
R

O5

X

O6

O5 – O6 =
d e2

R

O7

O8

O4 – O3 =
d c2

Source: Frankfort-Nachmias & Nachmias (2008, p. 107)
Factorial Design
When an investigation requires two or more independent variables, experiment requires a
factorial design in which more groups are involved and the effects of each possible combination
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of variables will be tested. For example, in case that we have X and Z as independent variables,
we have the following chart.
Table 5

Combination Factorial Design- two independent variables (Experimental)
Posttest

Comparison

R

X1 + Z1

O1

O1 - O2

R

X1 + Z2

O2

O1 - O3

R

X2 + Z1

O3

O1 - O4

R

X2 + Z

O4

O2 - O3
O2 - O4
O3 - O4

Source: Frankfort-Nachmias and Nachmias (2008, p. 108)
A factorial design may be useful in external validation to generalizability. Rather than
controlling for outside factors, major outside influences can be included in combination of this
design (Frankfort-Nachmias & Nachmias, 2008).
Quasi-experiment Design
However, due to ethical and other factors sometimes it is not possible for a researcher to
do random sampling in the experiment. Therefore, researchers have adopted other types of
research designs that has no random sampling; this type of research that is the most frequently
used in research is referred to as quasi experiment. In this design, there is a pretest and a posttest
for two groups: experiment and control groups, but there is no randomization in the sampling
selection or sampling design. The idea of the research is to manipulate one group with the
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treatment and then compare the posttest result with the other group that is not manipulated. The
most often used type of design in quasi experiment is “nonequivalent- group design (NEGD).
As the name of the design indicates in NEGD there is no equality or similarity between groups,
and thus, contrary to the true experiments, its validity is dubious in reflecting the true cause and
effect relationship. In order to get the valid results from this research, groups selected should be
equal or similar. However, in this design, due to non- randomization, there is no guarantee that
the groups are similar and this non-equivalency is the biggest challenge of this design. Thus,
there is a threat of internal validity in this design due to non-randomization in selecting the
groups. Therefore, we have to focus on selection threat when we are discussing threat to internal
validity in this design.
As the comparison group did not change between the pretest and the posttest, selection –
maturation cannot be traced in this design, unless there is a long time between pretest and
posttest and groups matured at different rate which is very improbable. However, there might be
a selection history threat, due to the fact that non-equivalent groups were affected differently by
external events regarding the research, or some events happen for one group, and not for the
other. Also, there might be selection regression which is a change due to regression to the mean.
If the program group starts below the overall population pretest average, it will regress upward
on the posttest. Sometimes the program group will cross over the comparison group which is
called “cross over program” (Trochim, 2001, p.220). Furthermore, selection testing, selection
instrumentation and selection mortality are also possibilities of threat to internal validity in this
design.
According to Nachmias and Nachmias (2008), the procedure of equalization between
control group and experiment group can be conducted in three ways: Matching, randomization,
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and control group. Matching is done when researchers have pre-knowledge about intrinsic
factors in the research. Thus, they match the groups in a way that every case in one group to be
exactly identical with the case in other group. Matching can be done in the form of precision or
frequency distribution methods. Precision matching or pairwise matching is when for each case
in experimental group another identical case is selected for control group. If pair-matching is
done perfectly, then the investigator can conclude that any differences found between
experimental and control group is not due matched variables, but it is because of the change in
independent variable. However, it is difficult and time consuming to do precise matching when
we are dealing with large numbers. In frequency distribution, on the other hand, “the
experimental and control groups are made similar for each of the relevant variables separately
rather than in combination” (p.99). For example, in case of age the average age of one group
should be the same as average age in the other group.
In the quasi-experimental method of research, there is neither randomization, nor control
(Frankfort-Nachmias & Nachmias, 2008; Tochim, 2006). However, in the quasi-experimental
methods researchers employ multiple measures in the data analysis and can combine design
methods to make causal inferences “by systematically combining two or more designs in a single
study” (Frankfort-Nachmias & Nachmias, p. 129).
Other quasi experimental designs are the planned variation design that uses multiple stimuli to
every individual or group within a study, the panels design that studies one sample group which
is examined multiple times over a longitudinal study period, and the time-series design is useful
when no control group can be assembled ((Frankfort-Nachmias & Nachmias, 2008).
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Cross-Section Research Design
Similar attributes to the quasi-experimental are present in the cross-section design. This
is usually a one-shot survey type. The cross-section is used when manipulation of an
independent variable is not possible thus longitudinal attitude cannot be altered by manipulation
stimuli and therefore any pre and posttest is not possible. The research is done through a random
sample of participants who give their characteristics, perhaps demographic data, and then some
form of attitudinal rating or feedback on specific issues or questions of importance to the study
(Frankfort-Nachmias & Nachmias, 2008, p. 117). In this design the aim is to find out an attitude
or opinion on some subject; the sampling is a probabilistic sampling of a population. Typically,
Likert scaling or opinion choice is given to the participants and a variety of statistical analyses
are used to determine the attitudinal frequency.
Pre-Experimental Research Method
In this design a single group or a single event is observed at one point in time and
recorded and there is no control group, no comparison amongst groups and there is no
multivariate statistics as a substitute for control. This design is the weakest of the quantitative
design methods and there is no assurances that it is valid and is used primarily for the pre-testing
of a hypothesis or draft exploratory study such as in a one-shot case study where a single group
or event at a single point in time is observed.
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Correlation and Regression
Correlation

The correlation is one of the most common and most useful statistics. A correlation is a
single number that describes the degree of relationship between two variables. In other words,
correlational relationship among various variables which is very common in finance and
economics is defined as a group of techniques that measure the strength of association between a
dependent variable and some independent variables. The purpose of correlation analysis is to
examine the strength and direction of the relationships between variables. The simplest technique
to present a correlational relationship between two variables is by scatter diagram; that is, a chart
that portrays the relationship between two variables. Typically, the values of independent
variable, or predictor, are portrayed on the horizontal axis (X axis) and the dependent variable,
the predicted or estimated value, along the vertical axis (Y axis).

In order for the researcher to see how strong the relationship between two variables is, the
coefficient of correlation (Pearson r) can be calculated; the value of r changes between -1 and +1
that indicates perfect negative or positive relationship between the variables and 0 indicates no
relationship. Testing the significance of the correlation coefficient can also be used to determine
the relation between two variables through the null hypothesis and the alternate hypothesis in a
two-tailed test. Correlation does not mean causation; however, in the absence of correlation
between two variables, there is no causal relationship.
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Assumptions
The assumption for correlational relationship is that the relationship between the two
variables can be explained as a linear relationship. However, my design includes regression
analysis which is developing an equation that expresses the relationship between the independent
and dependent variable. Therefore, if we establish a straight line between two variables X and Y,
we have a regression equation which is:
Y’ =  + X, where Y’’ is the predicted value of Y variable for a selected X value;  is equal to
Y intercept, or value of Y when X is 0;  is the slope of the line; it measures change in Y’ for
each unit change in X (regression coefficient); X is any value of independent variable that is
selected. In this case, we have the following assumptions for linear regression: (a) For each value
of X, there is a group of Y values that are normally distributed, (b) the means of this normal
distribution of Y values all lie on the line of regression, the standard deviations of these normal
distributions are equal, (c)- the Y values are statistically independent, and( d) the expected value
of the error term (Y-Y’) is zero.

We use the symbol r to stand for the correlation. Through the magic of mathematics, it turns out
that r will always be between -1.0 and +1.0. If the correlation is negative, we have a negative
relationship; if it's positive, the relationship is positive.
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Multiple Regression
Multiple Regression is a statistical technique that allows one to assess the relationship
between one dependent variable or criterion and several independent variables or predictors.
Both the dependent variable and independent variables should be continuous; however, it is
possible to see discrete or dichotomous variables that are dummy variables. Multiple regression
is an extension of bivariate regression in which several independent variables instead of one,
combined to predict a value on dependent variable. Multiple regression is a flexible techniques
and it can be used with experimental, observational, as well as survey research. Multiple
regression can determine the strength of the association between set of predictors and criterion.
In addition, it can tell the importance of each of the independent variables to the dependent
variable.
The Assumptions
The assumptions of multiple regressions are: 1- Outliers can impact the precision of
results in multiple regression and must be deal with outliers prior to conducting the research.2The ratio of cases to predictors; that is, multiple regression can be sensitive to sample size, if
sample is too small, the results will not be accurate. In order to be able to accurately test for
multiple correlation and regression coefficients, it is essential to have a sample size of at least
greater than 104+ number of predictors in multiple regression. 3- The third assumption is
multicollinearity; multiple regression is sensitive to multicollinearity which is when at least two
of independent variables in the equation are too highly correlated with each other.
Multicollinearity makes regression equation unreliable and it can give large standard errors in
equation. 4- Assumption 4 is normality of variables; although there is no need for variables to be
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normally distributed, the prediction equation is enhanced if all of variables are normally
distributed.
The Types of Multiple Regression
There are three types of multiple regression: 1- Standard type, simultaneous or direct
multiple regression is the most widely used type of multiple regression. In this type all predictors
are entered into the equation at the same time; that is, the overlapping variance refers to the
overlap that is shared among the predictors.2- The second type of multiple regression is
sequential in which the predictors enter the equation according to an order determined by the
researcher; overlapping variance is assigned to the predictors in the order of entry into the
regression equation. 3- The third type of multiple regression is statistical or stepwise multiple
regression in which the order of entry for the independent variables depends on statistical
criteria. The software package SPSS decides which predictor to put into the equation at each step
based on statistical criteria that the researcher decides on.
The Biases in Multiple Regression
Multiple regression provides an estimate of the effect on Y of arbitrary changes, ΔX. The
Multiple regression: 1- Can resolves the problem of omitted variable bias, if an omitted variable
can be measured and included; it can handle nonlinear relations; the statistical inferences about
causal effects are valid for the population being studied; the statistical inferences can be
generalized from the population and setting studied to other populations and settings, where the
“setting” refers to the legal, policy, and physical environment and related salient features. There
are five threats to the internal validity of regression studies: Omitted variable bias, wrong
functional form, errors-in-variables bias, sample selection bias, and simultaneous causality bias
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Omitted variable bias arises if an omitted variable both is a determinant of
Y and (ii) is correlated with at least one included regressor; the suggested Potential solutions to
omitted variable bias is that if the variable can be measured, include it as a regressor in multiple
regression or use panel data in which each entity (individual) is observed more than once; if the
variable cannot be measured, use instrumental variables regression and run a randomized
controlled experiment. Wrong functional form arises if the functional form is incorrect, for
example, an interaction term is incorrectly omitted; then inferences on causal effects will be
biased. In this case, use the “appropriate” nonlinear specifications in X (logarithms, interactions,
etc.) or in case of discrete dependent variable: need an extension of multiple regression methods
Errors-in-variables bias occurs when there is measurement error in data; for example,
data entry errors in administrative data, recollection errors in surveys, ambiguous questions,
intentionally false response problems with surveys. In order to prevent variable bias, obtain
better data, develop a specific model of the measurement error process; for example, a subsample
of the data are cross-checked using administrative records and the discrepancies are analyzed and
modeled. Sample selection bias is due to random sampling of the population. In some cases
simple random sampling is not possible and selection process influences the availability of data.
Moreover, sample selection bias induces correlation between a regressor and the error term.
Simultaneous causality bias is a bias caused when X causes Y and Y causes X too. Potential
solutions to simultaneous causality bias is through randomized controlled experiment.
Measurement
Measurement is an essential procedure for comparing and forecasting phenomena such as
wealth, or welfare, for individuals, institutions, and nations. For example, cost of living index
that compares welfare of a nation at two different times or between different countries. Due to
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the fact that the role of measurement is so important, measuring instruments must be reliable and
viable in the sense that measuring instrument must represent the underlying concept behind
them. This presented as isomorphism by Nachimas and Nachimas (2008). Furthermore, because
of this importance, a researcher should have a system of measurement in mind as soon as
research is conceptualized and before the process of operationalization. “Conceptualization is
process of formulating and clarifying concepts in research” (Singleton & Straits, 2005, p.77) and
measurement is the process of moving from the “abstracts to the concrete” (p.77). In moving
from abstract to concrete, we have to identify the concepts, transform them into indicators and
variables and then measure them at different level. In other words, designing the study goes
along with the design for measuring the variables. Although measurement seems simple in day to
day life, it needs some research and running a project when it comes to social phenomena. In
many cases measuring instruments already developed by other scientist in the field of study and
can be employed by researchers. However, in other cases, the researcher must develop new
measuring instruments that could “convert empirical observations into the form suitable for the
research problem and the research design” (Nachimas & Nachimas, 2008, P.138).
Measurement is, in fact, assigning numerals, numbers or symbols, to variables “according
to a set of rules” (Nachimas & Nachimas, 2008, p.139). A numeral is a symbol of the
1,2,3….and has no specific quantitative meaning in itself; it will be given meaning when it is
attached or “mapped” to phenomena, objects, or persons. Then, it becomes number and can be
manipulated mathematically by researchers for description, explanation and prediction of
phenomenon. Moreover, the researcher has to follow some rules in assigning numerals; the rules
basically apply to the way that numbers are arrayed. Rules are important in measurement process
because the quality of measures taken is decided by the rules and also, rules tie the measurement
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process to an empirical basis. In other words, rules in the measurement procedure is the reason
for isomorphism and similarity of the structure of numerical system and the structure of the
concepts being measured; in this case we can say that the number system are tied to reality and
the rule defining the measurement is valid. However, many social science concepts are not
directly observable and one indicator cannot describe them; a very often used example is the
concept of human capital. In order to measure these type of concepts, we have to use multiple
indicators and the index them to ascribe a variable; an indicator is “a single observable measure,
such as single questionnaire item in a survey” (p.79).
Level of Measurements
Nachmas and Nachimas (2008) defined the concept of “isomorphism “as a similarity
between the structure of numerical system used to measure and the concept being measured.
Therefore there should be proximity between the measuring instrument and the empirical
properties or indicators measured. Thus, scientists classified the level of measurement according
to the properties of instruments: The four distinguished level are: Nominal, ordinal, interval, and
ratio. Nominal level is the lowest level of measurement. Numbers or other symbols are used to
measure categories of indicators, or cases. In order to assign numerical or symbolic labels to a
category, it must be exhaustive and mutually exclusive. That is, they include all cases of that
type and no case can be classified to more than one category (numbers in this case are only
labels and no mathematical relationship exists between these numbers). Ordinal measurement is
the type of measurement when relations exist among indicators, like the symbol of higher or
greater. Interval measurement, in addition to nominal and ordinal property, measures the
distance between variables. For example, the difference between 20 degree and 10Fahrenheit is
equal to the difference between 30 and 40. In this case we can perform basic mathematical

28
operation on them, such as addition and subtraction. Ratio measurement includes all the
features of previous levels plus the features of an absolute zero point. This feature makes it
possible to multiply and divide scales numbers and forms ratios.
Due to isomorphism which requires the similarity between the measuring instruments and
the empirical properties measured, we can have four way of measuring the indicators. In
nominal level which is the lowest level of measurement, numbers or other symbols are used to
measure categories of indicators. Nominal level of measurement is obtained when a set of
objects can be classified into categories that are exhaustive and mutually exclusive. That is,
categories should include all cases of that type and no case can be classified to more than one
category; numbers in this case are only labels and no mathematical relationship exists between
these numbers.
In ordinal measurement, not only variables are classifiable, but also they exhibit some kind of
relation; relations are degree of being higher, bigger, more desired, and so on. Then,
observations can be arrayed as higher, lower, more or less and form a complete ranking of
objects. There are some logical properties in ordinal ranking that become important when a
researcher is seeking to construct hypotheses based on ordinal variables. These properties are:
reflexivity, asymmetrical and transitive. An example of measurement at the ordinal level is the
measurement of attitude in which the possible answers are ranked in ascending or descending
orders; in this case the ordinal level of measurement is based on unidimensional transformation.
It basically means that no matter how the numbers are manipulated the information obtained
does not change and the way that numbers are assigned does not matter so long as consistency
is maintained. The numbers assigned to ranked objects are called “rank values” (Nachimas &
Nachimas, 2008, p.145). It is usually common that researchers assign rank values on the basis
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of the object at one extreme is assigned 1 and the rest comes after that. Although some
mathematical manipulation is possible in ordinal measurement, but only those mathematical
calculations are allowed that do not change the order of properties, for example, “median, range,
gamma, and tau-b” (P. 146).
Another more advanced way of measuring categories is interval level of measurement. In
the interval level of measurement, not only ranking a set of observations is possible, but also the
exact distance between each of the observations is known to the researcher; examples of
variables measured by interval level are income, intelligence, and so on. To be more precise at
the interval level the distances between observations are isomorphic to the structure of
arithmetic used with the associated values. Therefore, the difference between 20 degree and 10
degree of Fahrenheit is equal to the difference between 30 and 40. In this case a researcher can
perform basic mathematical operation such as addition and subtraction. In more advanced stage,
variables that contain zero point can be measured at the ratio level of measurement; these
variables include: weight and length. In order to have a ratio level of measurement, variables
should possess four properties: Equivalency, ranked, known distance of any interval, zero
point. Due to these qualities this level of measurement allows highly powerful statistical
manipulations, and therefore is mainly used in physical science. As a rule, the higher level
measurement can be transformed into lower level measurement, but the lower level cannot be
transformed into higher level of measurement.
As a rule, the higher level measurement can be transformed into lower level
measurement, but the lower level cannot be transformed into higher level of measurement.
Variables that can be measured at a ratio level can also be measured at interval, ordinal and
nominal level. For example, Income and price are variables that can be measured in ratio form,
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therefore can be transformed into other levels; income of 20,000 is twice as much as 10,000;
20,000 is higher than 10,000; the difference between 20,000 and 10,000 is the same as the
difference between 20,000 and 30,000. But you cannot claim the same for category of
nationality or gender. In social studies there are some variables that cannot be measured by
single indicators. These are called composite variables and “have several empirical properties”
(Nachimas & Nachimas, 2008, p. 414) and researchers need to construct multi indicator
instruments to measure them. These variables are most common in social and behavioral
sciences and cover the topics such as attitude or self- esteem. The most often used method for
measuring composite values are through construction of indexes and scales. These instruments
are composite measures that are constructed by combining two or more indicators.

Scale and Indexing
In social studies there are some variables that have “several empirical properties” and
cannot be measured by single indicators (Nachimas & Nachimas, 2008, p. 414). Thus,
researchers need to construct more sophisticated, multi indicator, instruments to measure them.
These variables that are also called composite variables and are most common in social and
behavioral sciences and cover the topics such as attitude or self- esteem. The most often used
method for measuring composite values are through construction of indexes and scaling
methods. These instruments are composite measures that are constructed by combining two or
more indicators and therefore are suitable for measuring composite variables. Indexes and scales
are preferred instruments for measuring instruments. This is because: (1) Researchers deal with a

31
single score instead of several variables and this makes it easier for them to analyze and
manipulate the data mathematically; (2) Researchers can do more precise statistical analysis; (3)
using indexes increase the reliability of measurement itself, in a composite measure that uses
several indicators errors will cancel each other out. Thus, researchers use multiple items scales
and indexes to increase reliability and precision of their measurement due to theoretical,
methodological and practical reasons (Nachimas & Nachimas, 2008, P.415).
Since indexes and scales combine several indicators into a composite measure, they
might be a better overall representation of the concept and a more reliable measurement tool.
This is because in a composite measure that uses several indicators errors will cancel each other
out. Also, using multiple scales and indexes will increase the reliability and precision of
measurement. In addition, using indexes and scales enables researchers to have access to a single
score instead of dealing with several variables and this makes it easy for them to administer
statistical analyses (Nachimas & Nachimas, 2008). Whereas scales and indexes both are one
composite variable produce by several indicators, their role and purpose in social science
research is different; scaling play a more important role in the research of social science. This is
because administrating tests of validity and reliability of measurement is possible when
researchers use scaling measurement. This property of scaling is due to the fact that most scales
that are used in social science incorporate the principle of unidimensional in their construction.
According to this principle, the items comprising a scale reflect a single dimension and can be
placed in a continuum presumed to apply only to one concept.
Scales can have any number of dimensions, they can be either unidimensional or
multidimensional; dimension is like a number line and one number line is called unidimensional
(Trochim, 2008). The major unidimensional scaling methods are: “Thurstone, or Equal
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Apperaring Interval Scaling, Likert or summative scaling, and Guttman or Cumulative Scaling “
(P.136). The most common used method of scaling in social research is Likert scale. Likert scale
which is usually used for measuring attitudes can be constructed in six steps: Compile a possible
large number of items (questions), select randomly a number of participants and get their replies
to the questions, calculate the total score for each participant, calculate the discriminative power
of the items, select the scale items, and test the reliability of the scale (Nachmias& Nachmias,
2008).
The important point in this scale is that the answers which are usually four, five, or seven
must comprise a continuum and values will be given to each answer. These values express the
relative weight and direction of the responses. After collecting the responses from participants,
total score for each participant will be selected. Then items will be selected for final scale on the
basis of discriminative power (DP) for each item; the highest DP items will be selected for final
scale. Researchers can have an easy selection of items through running computer statistical
program such as “bivariate correlation coefficient (Pearson’s r)” and “Cronbach’s alpha” (p.425).
The Pearson’s r indicates how closely linked each item is with other items or the entire scale.
Researchers will choose items the correlate strongly with one another. Cronbach’s alpha which
estimates the average of all possible split-half reliability coefficient indicates how the scale
“hang together”; a high alpha more than .70 is an acceptable level.
In scales like any other measurement study is intended for a population that could be
individuals, groups, or institutions. Population and the sample that is selected for scaling should
be able to connect with the object and the underlying concept of research. Also, statements and
items should be selected in a way to be meaningful to the respondents (Gorden, as cited in
Nachmias & Nachmias, 2008). There are some popular scales such as Likert that are commonly
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used in the attitude studies for different population. However, a researcher must be careful in
applying the scale and test examples of one population to another; scales must be tested for
reliability and validity in relation to the population they are designed for.
Indexes can be constructed by combining two or more items or indicators. Researchers
have to consider four major issues in the construction of indexes: The purpose for which the
index is constructed, the sources of data for index, the base of comparison, and methods for
aggregating and weighting data (Nachimas & Nachimas, 2008). The most common use of index
in social sciences is “Attitude Indexes”. To construct an attitude indexes, researchers prepare a
set of questions, selected a priori Numerical values (e.g., 0 to 4 or 1 to 5) are assigned arbitrary
to the items question responses. The value assigned by the respondents is added to obtain total
scores. The scores are then interpreted as the indicators of the respondent’s’ attitude. There are
some ambiguities about this indexing which result in doubt whether this is a reliable index?
Likert scaling is a method designed to measure attitude. To construct a Likert scale
researchers usually follow six steps: Compiling a list of possible scale items, administering these
items to a random sample of respondents, computing a total score for each respondent,
determining the discriminative power(DP) for each items, selecting the scale items, and testing
the scale reliability (Nachimas & Nachimas , 2008). In the first step, a researcher compiles a
series of items, as much as it is possible, that express a wide range of attitude, from extremely
positive to extremely negative. The respondent is then requested to check one of the five offered
fixed alternative expressions, such as “strongly agree”, agree” neither agree nor disagree and
strongly disagree which comprise a continuum of responses. Then values are assigned to these
five – point continuum, either ascending like 0,1,2,3,4, and 5, or descending like5,4,3,2,and 1.
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These values express the relative weights and direction of responses and determine the
favorableness or favorableness of the items.
In the fourth step the researcher must determine a basis for the selection of items for the
final scale. The researcher’s objective is to find items that consistently distinguish respondents
who are high on the attitude continuum from those who are low. Researchers can employ two
methods to do this: First is the internal consistency method which is performed by correlating
each item with the total score and retaining those with the highest correlation. Second is the item
analysis in which the researcher subjects each item to a measurement of its ability to differentiate
the highs from the lows. In order to calculate the DP, researchers will calculate total score for
each respondent and rank the scores, usually from lowest to highest. Then, they calculate the
upper and lower quartile; DP for each item is the difference between the weighted means of the
score for the upper and lower quartile. Then the researcher will select the items with higher DP
for the final test.
Validity and Reliability
Validity refers to the congruence between an operation definition and the concept it is
supposed to measure. The question of validity is: Whether the operational definition truly reflects
validity. However, measuring variables in social science is difficult, because in many cases, the
measurement is through the index of multi-indicators and researchers cannot be sure that
measurement has truly defined the concepts. Reliability, on the other hand, deals with
consistency and stability. Whether reapplication of research operation in similar conditions gives
the same results. A reliable measurement might not be valid, but a very unreliable one is
definitely not valid; you can be measuring something very reliably something other than what
you intended to measure.
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Validity in an experiment comes from the fact that whether the experiment can claim
with confidence that what has caused the effects was truly the independent variables rather some
intervention or other variables. There are two types of threat to validity of an experiment:
Internal and external. If the effect is caused by independent variables not some extraneous
variable, it has internal validity, otherwise the effects are “confounded” (Singleton& Straits,
2005, P.187). The threats to internal validity are; history, length of experiment, maturation, and
any psychological or physical changes within subject that affects the tests. Moreover, changes in
what is being measured, instrumentation, unwanted changes in characteristics of measuring
instrument, or in the measurement procedure; statistical regression, the tendency for extreme
scores to move closer to the mean are other causes of the treat to internal validity (P.187).
Singleton& Straits signified five basic requirement of true experiment in order to have internal
validity. These are: Random assignment, meaning that each subject has an equal chance of being
in the observation to avoid that the results of the experiment have occurred by chance,
manipulation of the independent variable; measurement of the dependent variable; at least one
comparison or control group; the constancy of conditions across groups (P.187). External
validity threat is caused by applying results in new setting, people, or samples. Creswell (2014)
stated the types of threat to external validity are: “interaction of selection and treatment,
interaction of setting and treatment, and Interaction of history and treatment” (P.176). Trochim
(2001) explain that in order to have a causal relationship we must have: “Temporal precedence,
co-variation of cause and effect, and no plausible alternative explanations” (p.173). Even if we
have the first two in a causal relationship it is not certain that our intervention has caused the
effect. These alternative explanations are threat to internal validity and the researcher has to rule
them out to get a valid causal relationship.
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There are two types of errors in the operational measurement: systematic error and
random error. Systematic measurement error results from factors that systematically influence
either the process of measurement or the concept being measured. Two types of measurement
errors in this category are: reactive measurement effect and social desirability effect.
Measurement random errors are the result of transitory upswing or downswing in the health and
mood of subjects; temporary variation in the administration or coding; momentarily investigator
fatigue. Because they are unsystematic, random errors tend to cancel each other out with
repeated measurement thus they do not bias the measure in a particular direction.
Internal Validity
Internal validity refers to whether your premise or proposition, and then your inference or
conclusion has logical truth. In order to establish validity in quantitative research, the
assignment of the persons within the groups should be random and equivalent participants in the
studied groups must be matched for those factors that are “known to the investigators prior to the
research operation” (Frankfort-Nachmias & Nachmias, 2008, p. 98). However, in case of quasiexperimental design randomization may not take place, but to establish internal validity, the
researcher has to control for history, maturation, and mortality biases (Frankfort-Nachmias &
Nachmias). In other words, “Internal validity is the approximate truth about inferences regarding
causal relationship” (Trochim, p.172). It simply means that only the intervention has caused the
outcome in the research and nothing else. Internal validity has meaning in causal relationship if r
researcher can prove that the only variable that caused the outcome was the independent variable
and nothing else.
In other words, internal validity is the approximate truth about inferences regarding
causal relationship” (Trochim, 2001, p.172). It simply means that only the intervention has
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caused the outcome in the research and nothing else. It is of primary concern for studies that
assess the effect of social programs or interventions. The key question of internal validity is
whether observed changes can be attributed to the treatment in research and not to other possible
causes; sometimes described as alternative explanations for outcome, intrinsic factors or
strenuous variables. Trochim (2001) explain that in order to have a causal relationship we must
have: “Temporal precedence, co-variation of cause and effect, and no plausible alternative
explanations” (p.173). Even if we have the first two in a causal relationship it is not certain that
our intervention has caused the effect. These alternative explanations are threat to internal
validity and the researcher has to rule them out to get a valid causal relationship.
Internal validity has meaning in causal relationship if researcher can prove that the only
variable that caused the outcome was the independent variable and nothing else. Trochim (2001)
explain that in order to have a causal relationship we must have: “Temporal precedence, covariation of cause and effect, and no plausible alternative explanations” (p.173). Even if we have
the first two in a causal relationship it is not certain that our intervention has caused the effect.
These alternative explanations are threat to internal validity and the researcher has to rule them
out to get a valid causal relationship.
Internal threat to validity is all that threatens the researcher’s ability to draw correct
inferences from the data about population. On the other hand, external threat to validity is when
researcher draws incorrect inferences from the sample data to other past and future situations.
Threat to external validity impedes the generalization of the research findings. Cronbach (2000)
has framed the issues related to external validity in two ways: generalizing from the finding of
research to the cause and effect that they represent; generalizing from the categorizing
represented in a study to different categories (cited in Cook). In regression analysis, the internal
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validity is whether the statistical inferences about relationship are valid for the population being
studied. There are a few threats to this validity such as omitted variable bias, errors in variable
bias, sample selection bias. External validity is when the statistical inferences can be generalized
from the population and setting studied to other populations and settings.
There are different types of threat to internal validity such as: History, maturation,
testing, instrumental, mortality, and regression threat. History threat happens when some external
events occurred during the research operation and affects the outcome in the research. This threat
can be ruled out by adding control groups in the operation; control group is a group comparable
with the program group, but is not engaged in treatment. Maturation threat is due to events that
typically inspires in participants’ life. Testing threat is when testing is done twice and after
pretest participants are more aware of the problem. Instrumental threat is when change of
instrument happens during the operation and affects the outcome. Mortality threat is when due to
circumstances participants dropping out of the study, therefore the combination of sample in the
group changes and thereby changes the outcome. Regression threat is a “statistical phenomenon”
that explains when the pretest scores are lower than average, it will increase and moves towards
the mean even if no treatment occurs (Trochim, 2001, p. 177).
Threats to internal validity can be reduced through randomization and including control
group in the research design. Randomization will eliminate the effects of intrinsic factors in the
experiment. Researchers also control the influence of intrinsic factors by using a control group
from which they withhold the experimental stimulus. The two groups, experiment and control,
should be identical either through matching or randomizing and also the two groups should be
exposed to the same event during the experiment. By using a control group, the researcher
controls most of the intrinsic factors that could threaten the validity of experiment. History does
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not become a rival hypothesis because the control and experiment groups have been exposed to
the same events during the experiment. Similarly, maturation is neutralized because the two
groups undergo the same change. Including control group does not necessarily avoid the
mortality problem because one group might drop more cases than other. Researchers can also
avoid the influence of instrument change by using control group if instruments are unreliable,
this reflected in both groups. The reactive effect if present is also reflected in both groups. A
good design is a design that minimizes the threat to internal validity. The researcher has the
flexibility to minimize the threat to internal validity by changing the research design.
Validity and Measurement
Validity of a measurement is defined by whether the measuring instrument produces the
same observation as the researcher’s intention. The same definition applies to scale type of
measurement and validity of scales can be verified through content, empirical and construct
validity; scale should cover all the attributes of the concept as much as possible. The reliability
of the scale can be tested by the three common ways of estimating reliability: Test-retest method,
the parallel forms technique, and the split half method. In test-retest method, the researcher
administers the measuring instrument to the same groups or persons at two different times and
then computes the correlation between the two sets of observations. In parallel forms technique a
researcher develops two parallel version of a measuring instrument and administers both forms
to the same group and then correlate the two sets of scores to obtain estimate of reliability. Splithalf method researchers in here divide the measuring instrument and the resulting scores will be
correlated. The same principle applies to the scale type of measuring.
In any measurement, there is the possibility that error occur in the measurement. There
are several common sources of measurement errors such as: (1) The influence of associated
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attribute other than what the researcher intended to measure; (2) change in the conditions such as
health or mood of the researcher; (3) differences in the research setting; (4) differences in the
administration of the measuring instrument, processing, and coding; (5) different interpretation
of results by different people (Nachimas & Nachimas, 2008). These errors are the reasons that
some measures lack validity and reliability. Validity is the similarity between what is measured
and what is intended to measure by a researcher. The problem of validity is more pronounced in
social sciences because of the indirect measurement; therefore, the researcher must always
provide supporting evidence that a measuring instrument does in fact measure the variable that it
appears to be measuring. There are three types of validity: Content validity, empirical Validity,
and construct validity.
Content validity implies that all the attributes of the concept is covered by the
measurement instrument and nothing relevant to the phenomenon under investigation is left out.
There are two common types of content validity: Face validity and Sampling validity. In face
validity a researcher gives a subjective evaluation of the appropriateness of measuring instrument
for measuring the concept that the researcher wishes to measure. After a researcher develop a
new questionnaire, the researcher is required to assess the face validity of the questions; to prove
that questions are capable of catching all attributes of the variable under investigation.in order to
achieve this, a researcher should compare the questions in the questionnaire of the study with
questions in the other questionnaire in the subject and also the researcher must seek consultation
from specialists in the field. Researchers must be reasonably sure that the questionnaire has face
validity; i.e., questions “capture all the elements of the phenomenon” (Nachimas & Nachimas,
2008, P. 150). In sampling validity, a researcher must be sure that a given population is
adequately sampled by a measuring instrument. In other words, there must be a large enough
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number of items so that the researcher could select a good amount of item samples for the
research instrument.
Empirical validity is the relationship between a measuring instrument and the outcome
obtained from using the measurement. It is presumed by scientist that a valid measuring
instrument results in similarity between the outcome of research and the relationship that exists
among variables in the real world. In predictive validity, on the other hand, researchers assess the
results they expect to obtain from research against some other “external criterion”, or simply
criterion. Researchers, then compare these two outcomes and computes the degree of correlation,
or correlation coefficient, between the results of a given instrument and an external criterion. For
example, for a research on the intelligence test to be valid, the researcher first by obtains test
scores of a group of college students, and then adopts the grade point averages that these students
achieved in their first year of college as “criterion” and then computes correlation coefficient
between these two sets of measurement. The results is correlation coefficient which is named the
“predictive validity coefficient” (P.151).
Another type of testing validity is through construct validity; this type of testing is based
on the idea that the measuring instrument should relate with the theoretical framework of the
study. This test will assure the researcher that the measuring instrument fits well with the concept
and the theoretical assumptions of the study. In order for researchers to provide the construct
validity of a measuring instrument, they must show that these relationships can be recognized
and measured by research instruments.
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Conclusion Validity

A threat to conclusion validity is when the researcher reaches an incorrect conclusion
about a relationship in the observations. Here, there are two type of errors about relationships:
(1) Conclude that there is no relationship when in fact there is; (2) there is a relationship when in
fact there is not. In most cases the researcher miss the relationship that exists; perhaps, because,
it is hard to find relationships in the data at all when data is not as big or frequent; “we tend to
have more problems finding the needle in the haystack than seeing things that aren't there”
(Trochim, 2006).

In the first type error, no relationship is found while there is a relationship: This happens
because of “the tiny needle and too much hay” or “signal-to-noise ratio problem” (Trochim,
2006). The "signal" is the relationship and the "noise" consists of all of the factors that make it
hard to see the relationship. The number of noises that create is a threat to conclusion validity
are: low reliability of measures due to many factors such as poor question wording, bad
instrument design or layout, illegibility of field notes, and so on and so forth; noise that is caused
by random irrelevancies in the setting such as for example, in a classroom context, the traffic
outside the room, disturbances in the hallway, and countless other irrelevant events can distract
the researcher or the participants. Moreover, the types of participants in the study can make it
harder to see relationships, because of random heterogeneity of respondents. Moreover, another
important factor in conclusion validity is the statistical power and that is related to the amount of
information that researchers collect and the amount of risk they are willing to take in making a
decision about whether a relationship exists. Low statistical power causes a threat to conclusion
validity.

43
On the other hand, there are occasions that the researcher finds a relationship when there
is not one; this is due to the fact that researchers can play with the data long enough to get the
results that support or corroborate their hypotheses; in other words, they are "fishing" for a
specific result and they get it through analyzing the data repeatedly under slightly differing
conditions or assumptions. Statistically, the researchers set an arbitrary value known as the level
of significance to decide whether their result is credible or could be considered a "fluke;
therefore, by changing the level of significance the researcher gets different results. More
importantly there are errors due to the variety of assumptions that the researcher makes about the
nature of the data, the procedures that the researcher use to conduct the analysis, and the match
between these two. In quantitative research this is referred to as the violated assumptions of
statistical tests (Trochime, 2006); for example, the assumptions that the data are distributed
normally, the population from which they are drawn would be distributed according to a
"normal" or "bell-shaped" curve, and so on. If that assumption is not true for your data and you
use that statistical test, you are likely to get an incorrect estimate of the true relationship. And,
it's not always possible to predict what type of error you might make -- seeing a relationship that
isn't there or missing one that is.
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