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Introduction

Quantitative research is based on a positivist worldview, which believes that reality is objec-
tive and can be measured numerically. This approach prioritizes distance between the researcher 
and the subject to maintain the objectivity of the findings. Through deductive logic, theory is used 
as a basis for developing hypotheses that will be tested for validity in the field.

The main characteristic of this method lies in the rigorous use of statistical procedures and the 
standardization of research instruments. Its primary focus is on generalizing sample results to a 
broader population through systematic numerical evidence. Thus, this research is able to map the 
cause-and-effect relationships between variables accurately and measurably.

Chapter 1 “Philosophical Foundations and Characteristics of Quantitative Research”, which 
combines material from Ross M. Woods’ book with the epistemological perspective of social re-
search.
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Philosophical Foundations and Characteristics of Quantitative Research

Quantitative research isn't just about numbers; it's about a very specific worldview. 
Understanding this foundation is crucial so researchers can become more than just "statisti-
cal operators," but also understand why certain procedures need to be performed.

Positivism Paradigm: Reality as a Single Object

Quantitative research is rooted in the philosophy of Positivism, which believes that so-
cial reality can be studied in the same way as natural science.

In this view, the world is viewed as a “giant machine” operating according to fixed and 
predictable laws of cause and effect. Researchers must remain objective and not allow their 
personal values to influence the data.

Ontology is the philosophical study of being, existence, and reality, asking fundamental 
questions such as "What exists?" and "What is real?" In positivist ontology, reality is consid-
ered to be something that is truly real, objective, and operates regularly under fixed laws of 
cause and effect. Imagine the world as a giant machine that moves consistently; it exists out 
there independently, regardless of what we feel or think about it. For a positivist, truth is not 
subjective or dependent on individual perspectives. Reality is a hard fact that can be ob-
served, measured, and predicted because it is governed by unchanging natural laws.

Applying this principle to quantitative research forces researchers to pursue what's 
known as a "single truth." When we examine the influence of motivation on performance, 
we begin with the assumption that there is a definite and universally valid relationship pat-
tern. The researcher's task is simply to discover this pattern using precise, objective, and 
personal-feeling measurement tools. The focus is not on the uniqueness of individual stories, 
but rather on discovering universal laws that can be generalized to explain the phenomenon 
broadly and accurately.

Deductive Approach: From Theory to Data

Deductive  reasoning  places  theory  as  the  starting  point  and  primary  compass 
throughout the research process. Researchers don't enter the field empty-handed or simply 
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observe phenomena aimlessly. Instead, they equip themselves with an established frame-
work derived from academic literature and previously  tested scientific laws.  This  theory 
serves as a lens through which to view reality and determine which aspects are relevant to 
measure.

Once  the  theoretical  framework  is  established,  researchers  derive  these  general 
premises into more specific statements, known as hypotheses. These hypotheses serve as a 
logical bridge connecting the abstract world of ideas with the real world of empirical data. In 
this phase, researchers predict relationships between variables based on logic derived from 
theory. These predictions are declarative and must be verifiable through field observations.

top-down " approach is to ensure objectivity and rigorous research methodology. By 
focusing on theory, researchers avoid subjective assumptions or wild interpretations that lack 
scientific basis. Each step in data collection must be directly linked to the theoretical struc-
ture being tested. This ensures that quantitative research has a clear and consistent direction 
from beginning to end.

In the final stage, quantitative research serves as a verification process for the theory's 
validity in different contexts. Researchers collect numerical data through instruments to de-
termine whether the reality on the ground supports or refutes the proposed hypothesis. If 
the data supports the theory, it strengthens its position. However, if it is rejected, this con-
stitutes a new finding that requires revision or further development of the theory in the fu-
ture.

Researcher Objectivity and Distance

Objectivity in quantitative research requires a clear separation between the researcher 
as subject and the phenomenon being studied as object. This relationship is known as the 
researcher-object dualism, where the researcher is positioned as an outside observer who 
must not subjectively intervene in reality. This principle ensures that the data collected truly 
reflects the conditions in the field, not the researcher's desires, prejudices, or personal val-
ues.

This separation is crucial for ensuring research results are scientifically sound and neu-
tral.  Quantitative researchers must remove emotions or personal preferences that could 
cloud the observation of numerical facts. By maintaining sufficient distance, researchers can 
minimize so-called researcher bias, ensuring that conclusions are based purely on empirical 
evidence obtained through measurement instruments.

To ensure this distance is maintained, quantitative research follows a very rigid and 
standardized process. Instruments such as questionnaires are not created haphazardly; they 
must undergo a validity test to ensure the accuracy of the measurement tool in capturing the 
variables being studied. This standardization serves as a safeguard to ensure the data collec-
tion process remains consistent and is not influenced by who is collecting the data.

The ultimate goal of all these objectivity efforts is to achieve a high level of reliability. 
Reliability ensures that if the same study is repeated by different researchers on similar sub-
jects using the same instruments, the results will remain consistent. In the world of research, 
this consistency is evidence that the findings are not a fluke, but rather the result of rigorous, 
universally applicable scientific procedures.
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Reductionism and Generalization

Reductionism is the process of simplifying complex realities into smaller, more specifi-
cally measurable components. In quantitative research, broad social phenomena or human 
behavior are not examined as a whole, but rather broken down into operational variables. By 
transforming abstract concepts into numerical indicators, researchers can manage the data 
through precise statistical analysis. This step allows seemingly complex phenomena to be 
mapped into numerical patterns that are easier to understand and control.

This simplification allows researchers to focus on the relationships between specific 
variables without being distracted by irrelevant external factors. These reduced numbers 
serve as an objective representation of the reality on the ground. Through mathematical 
language, the complexity of human feelings, attitudes, or actions is translated into a uniform 
scale. This provides the standardization necessary for fair and accurate comparisons between 
different groups of research subjects.

On the other hand, generalization is the ultimate goal of the entire quantitative proce-
dure. Researchers seek to understand not only the small group of individuals who partici-
pated but also draw conclusions that apply to the broader population. This ability to apply 
findings from a sample to a larger scale provides pragmatic value for policy, organizational 
strategy, and scientific development. A study is considered highly effective if its results prove 
consistent when applied to a broader context.

For these generalizations to be valid and unbiased, researchers must adhere to strict 
random sampling principles and maintain objectivity throughout the process. Without proper 
sampling techniques, the results of variable reduction will be reduced to isolated facts that 
have no meaning for the population. Therefore, reductionism and generalization work hand 
in  hand:  variables  are  narrowed to  allow for  precise  measurement,  but  the results  are 
broadened to benefit the wider community. Accuracy in both aspects determines the quality 
and scientific authority of a research paper.

Implications for Researchers

Applying theory as a starting point for research is essential for quantitative researchers, 
demonstrating a robust deductive line of thought. In journal drafts, researchers must explic-
itly state which major theories underlie the proposed hypotheses. Without a clear theoreti-
cal foundation, research loses its logical compass and becomes merely a collection of data 
without academic significance. Theory provides boundaries regarding which variables should 
be measured and how these variables interact theoretically before being tested in the field.

The belief that social phenomena can be measured numerically is rooted in positivism, 
which views reality as tangible and measurable. Researchers must be able to justify why ab-
stract concepts, such as loyalty or leadership, can be deconstructed into operational numer-
ical variables. This quantification process is not simply converting words into numbers, but 
rather an attempt to objectively capture the essence of the phenomenon. Through precise 
measurements, researchers can map stable patterns of relationships that can be observed by 
other researchers in the same way.

To ensure that research results are not tainted by personal opinion or bias, researchers 
must implement a rigorous strategy of objectivity. This is achieved through the use of stan-



4

dardized instruments and a lengthy validation process before data collection. Using stan-
dardized procedures eliminates the possibility of researcher subjectivity, as the data speak 
for themselves based on measured numbers, not emotional interpretations. A distance is 
maintained between the researcher and the research subjects to ensure that the findings are 
neutral and impartial.

Ultimately, all of these steps aim to ensure the research results have high credibility 
and are accepted by the international scientific community. A thorough explanation of de-
duction,  positivism,  and  objectivity  in  the  introductory  chapter  will  demonstrate  the 
methodological maturity of a doctoral researcher. A strong explanation of these philosophi-
cal foundations will assure readers that the conclusions drawn are the result of honest and 
universally accountable scientific procedures. This is a prerequisite for a journal article to be 
published in a reputable journal.
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Variables and Hypothesis

If Chapter 1 is the philosophical foundation, then this chapter is the “engine” of quan-
titative research. Here, abstract concepts are transformed into something that can be quan-
tified and tested.

Structure and Role of Variables

The decomposition of phenomena into specific variables is central to the quantitative 
approach, creating a measurable and logical research structure. Variables serve as opera-
tional representations of the abstract concepts being studied, allowing researchers to focus 
on specific, empirically observable elements. By clearly defining the role of each variable, 
researchers can construct a relationship model that allows for precise hypothesis testing 
through statistical procedures.

The independent variable ($X$) acts as the driving force or causal factor within a re-
search framework. Researchers position this variable as the element that precedes change, 
where fluctuations in its value are assumed to influence other variables. The selection of the 
independent variable must be based on a strong theoretical foundation, as this variable 
serves as the starting point for explaining the dynamics of the observed cause-and-effect re-
lationship.

In contrast, the dependent variable ($Y$) is the primary focus or final outcome the re-
searcher wishes to explain. This variable serves as an indicator of the success or failure of the 
influence exerted by the independent variable. The movement or variation in the value of the 
dependent variable is highly dependent on the treatment or conditions affecting the inde-
pendent variable. The ultimate goal of quantitative analysis is to demonstrate how much of 
the change in the dependent variable can be significantly explained by the causal variables.

The presence of moderator variables provides depth to the analysis by explaining un-
der what conditions the relationship between the independent and dependent variables 
becomes stronger or weaker. These variables are not direct causes, but they function as reg-
ulators that alter the direction or intensity of the existing relationship. For example, the in-
fluence of leadership style on performance may be strongest among highly motivated em-
ployees, but weaker among those with low motivation. Identifying moderators helps re-
searchers understand the complexities of social reality more clearly and specifically.

Finally, the mediator variable , or intervening variable, acts as a bridge, explaining the 
internal mechanism or process by which the independent variable ultimately influences the 
dependent variable. Mediators indirectly answer the questions of "why" and "how" a rela-
tionship occurs. By including mediators, researchers can dissect the causal chain in more 
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depth, demonstrating that the influence of the independent variable must first pass through 
intermediate stages before having an impact on the dependent variable. A comprehensive 
understanding of this variable structure is essential for drafting a journal with high scientific 
merit.

Hypothesis: The Bridge between Theory and Fact

A hypothesis serves as a compass in quantitative research, connecting the abstract 
world of theory with the real world of empirical data. As a tentative answer, a hypothesis  
provides researchers with clear direction regarding what data to collect and what statistical 
instruments to use. Its existence ensures that research is not conducted haphazardly, but 
rather a systematic effort to verify logical truths through measurable field observations.

In statistical logic, the Null Hypothesis ($H_0$) plays the role of a skeptical statement 
representing the status quo. $H_0$ always assumes that there is no significant influence, re-
lationship, or difference between variables; even if there is a difference, it is considered to be 
due to mere chance. The use of $H_0$ is a form of scientific humility as well as a filter of  
objectivity so that researchers do not get caught up in subjective prejudice before the data 
provides very strong evidence.

The primary focus of statistical testing is not to prove the researcher's hypothesis cor-
rect, but rather to determine whether there is sufficient evidence to reject $H_0$. If the data 
in the field show results significantly different from the assumption of $H_0$, then the re-
searcher has a strong basis for rejecting the “no effect.” This rejection process provides sci-
entific legitimacy that the relationship found is truly statistically significant and not simply a 
random phenomenon.

In contrast, the Alternative Hypothesis ($H_a$) is a statement that reflects the re-
searcher's predictions or expectations based on an in-depth literature review. $H_a$ asserts 
a significant relationship or difference between the variables being studied. In journal man-
uscript writing, $H_a$ is usually a direct derivative of the conceptual framework that shows 
how the independent variables influence the dependent variable according to the adopted 
theory.

Researchers must also determine the direction of the hypothesis, which can be one- 
tailed or two -tailed. A one-tailed hypothesis is used if the researcher already has a strong 
basis for predicting the direction of the relationship, for example, “increase” or “decrease.” 
Meanwhile, a two-tailed hypothesis is used if the existing theory is not strong enough to  
predict the direction with certainty, so the researcher simply states that “there is a differ-
ence” or “there is a relationship” without specifying the direction.

A thorough understanding of the structure of a hypothesis is crucial to maintaining the 
integrity of the research. Establishing an appropriate hypothesis at the outset of the study 
will significantly influence how the data is processed, how p - values are interpreted, and ul-
timately, how conclusions are drawn. By formulating a clear hypothesis, researchers demon-
strate analytical rigor and adherence to rigorous scientific principles within the quantitative 
tradition.
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Operationalization: Converting Concepts into Numbers

Operationalization is a crucial process for transforming “sky-scraping” theoretical ab-
stractions into “grounded” and quantifiable empirical data. In quantitative research, broad 
concepts like job satisfaction, religiosity, or loyalty are multidimensional and cannot be ob-
served with the naked eye. Consrquently, researchers must establish specific operational 
definitions to break these concepts down into observable behavioral indicators or conditions. 
Without this step, research variables will remain subjective notions that are impossible to 
process using statistical formulas.

This process works by defining concrete measuring instruments or indicators that rep-
resent the existence of a concept. For example, if a researcher wants to measure "Servant 
Leadership," they cannot simply rely on general perceptions. They must derive indicators 
such as the frequency of congregational mentoring, the availability of time for counseling, or 
a Likert scale score measuring humility. With clear indicators, a concept that was initially 
qualitative now has a numerical "form," allowing researchers to compare and mathematically 
analyze the relationships between variables.

The importance of clear operational definitions is closely related to the validity and re-
liability of research instruments. If operational definitions are ambiguous, each respondent 
may have a different interpretation of the questionnaire questions, ultimately resulting in 
biased and inconsistent data. Operationalization ensures that everyone involved in the re-
search, both researchers and respondents, has a uniform understanding of what is being 
measured. This embodies the principle of objectivity in the positivist paradigm, where mea-
surements must be free from the influence of personal opinions.

In preparing research papers, the variable operationalization table is often the heart of 
the methodology chapter. The table shows the researcher's thought process, from variables 
and dimensions to questionnaire items. Clarity in this step demonstrates that the researcher 
understands the logical connection between the adopted theory and the facts to be collected 
in the field. With a strong operationalization, researchers can ensure that the data generated 
accurately represents the intended phenomenon, thus ensuring that the research conclu-
sions have high scientific authority.

From Constructs to Dimensions and Indicators

The process of reducing concepts from the most abstract level to measurable units is 
the essence of the rigor of quantitative methodology. At the highest level, we are dealing 
with  constructs  or concepts, which are complex theoretical ideas that cannot be directly 
perceived through the five senses. For example, “Psychological Well-Being” is a very broad 
construct and has different meanings for each individual if not defined in a standard way. 
Doctoral researchers must be able to identify this construct based on relevant literature be-
fore attempting to gather data in the field.

To bridge this abstraction, constructs must be broken down into dimensions. Dimen-
sions are large groups that make up a concept, each representing a different perspective on 
the same construct.  Taking the example of "Customer Loyalty," researchers cannot simply 
look at one aspect; they must divide it into behavioral dimensions, such as repeat purchase 
actions, and attitudinal dimensions, such as emotional attachment to a brand. This division 
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into dimensions ensures that the phenomenon under study is  comprehensively covered 
without missing any important aspects.

Next, each dimension must be translated into concrete  indicators that serve as the 
meeting point between theory and empirical facts. Indicators are things that can actually be 
observed, calculated, or quantified through instrument items. If the dimension being mea-
sured is  "recommendations," then the indicator could be the frequency of customers rec-
ommending a product to colleagues or a score on a questionnaire regarding the intention to 
leave a positive review. These indicators will then be statistically processed to produce figures 
that represent the reality on the ground.

This flow from construct to dimension to indicator ensures that the measurement has 
strong content validity. When writing a journal draft, explaining this hierarchy demonstrates 
that the instruments we use are not haphazardly created but have theoretical roots that can 
be accounted for. By following this flow, researchers can ensure that the resulting numerical 
data accurately represent the abstract variables being studied, thus ensuring accurate and 
credible conclusions in the eyes of the scientific community.
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Measurement Scales: Assigning Values to Indicators

Determining the measurement scale is a crucial step in determining the "degree of 
strength" of the data to be processed in quantitative research. Once the research indicators 
are established, researchers must decide how numbers will be assigned to the objects or 
phenomena using the NOIR (Nominal, Ordinal, Interval, Ratio) system. The choice of scale is 
not merely a technical matter, but rather a foundation that will limit or expand the scope of 
statistical tests that can be conducted later in the analysis phase.

Nominal  scales occupy the most basic level, where numbers serve only as labels or 
identifiers to distinguish categories without indicating rank. In social research, we often en-
counter these scales for demographic variables such as gender, ethnicity, or marital status.  
Because the numbers here have no intrinsic mathematical value—for example, a "1" for male 
and a "2" for female does not mean that women are taller than men—arithmetic operations 
such as addition or averaging cannot be applied to these data.

One level above this is the ordinal scale , which begins to introduce the concept of or-
der or ranking between categories. On this scale, researchers can already say that one cate-
gory is higher or better than another, but the distance between these ranks cannot be mea-
sured precisely. A classic example is educational level or position within an organization; we 
know that a Manager holds a higher position than a Staff, but we cannot measure exactly 
how much difference there is in authority between the two in terms of a precise number.

Interval scales bring measurement to a more precise level because they already have 
equal distances between coordinate points. In behavioral and management research, the 
Likert Scale (1 to 5) is often treated as an interval scale because we assume that the distance 
from "Strongly Disagree" to "Disagree" is the same as the distance from "Agree" to "Strongly 
Agree." While very powerful for measuring perceptions and attitudes, this scale has the lim-
itation that there is no "absolute zero," so we cannot make ratio comparisons such as saying 
that someone with a satisfaction score of four is twice as satisfied as someone with a score 
of two.

Strongly disagree 
○

Disagree 
○

Don't know
○

Agree
○

Strongly agree
○

Likert Scale Example

The highest level of measurement is the ratio scale , which has all the characteristics of 
the previous scales plus the presence of an absolute zero. An absolute zero value means the 
complete absence of the measured trait, such as salary, weight, or length of service. With 
ratio data, researchers have complete freedom to perform all mathematical operations, in-
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cluding multiplication and division. This allows for very precise analysis, such as comparing 
employee A's productivity to be exactly twice that of employee B.

Understanding this hierarchy of scales is crucial for doctoral researchers to avoid fatal 
errors in selecting statistical tests. Nominal and ordinal data generally require simpler non-
parametric tests, while interval and ratio data allow for the use of more robust and sophisti-
cated parametric tests such as linear regression or Structural Equation Modeling (SEM). Mis-
takes in determining the scale can lead to biased or even methodologically invalid research 
results.

By mastering operationalization at this level of grading, our journal drafts will have ro-
bust data integrity. Researchers who can explain the rationale for selecting a particular scale 
demonstrate maturity in quantitative thinking and mastery of their research instruments. 
This is what differentiates research that simply collects numbers from scientific research ca-
pable of providing accurate and internationally accountable empirical evidence.

Nominal Scale: Categorization

The nominal scale is the earliest foundation in the measurement hierarchy, serving to 
classify or categorize research objects. At this level, the numbers assigned to a variable carry 
no quantitative value or mathematical magnitude, but rather act purely as identifying labels. 
Researchers use these numbers to distinguish one group from another so that data can be 
systematically organized in statistical software. From a positivist perspective, the use of these 
numerical labels is crucial for objectivity, allowing subject identities to be converted into 
uniform codes.

The primary characteristic that distinguishes nominal scales from other scales is the 
lack of logical order or distance between categories. In variables like ethnicity or marital sta-
tus, for example, no category is considered superior or inferior to any other. All positions 
are equal, and the assigned numbers are arbitrary; researchers are free to assign "1" to cat-
egory A or category B without changing the meaning of the data. The absence of an absolute 
zero also emphasizes that the numbers here do not represent the presence or absence of a 
trait, but merely qualitatively differentiate identities.

Due to its mathematical limitations, arithmetic operations such as addition, subtrac-
tion, or finding the mean cannot be performed on nominal data. We cannot calculate the 
average of the genders "male" and "female" because the result would be meaningless. The 
only measure of central tendency that can be used is the mode, which is used to determine 
which category appears most frequently or has the highest frequency in the population be-
ing studied. This provides a general idea of the dominant group's tendencies in the research 
sample without attempting to compare their weights numerically.

The application of nominal scales in doctoral journal drafts is typically found in the de-
scriptions of respondent profiles or demographic variables. While seemingly simple, accu-
rately defining nominal categories significantly determines the quality of subsequent data 
analysis. Researchers must ensure that the categories created are mutually exclusive  and 
exhaustive , ensuring that each research subject fits only one code label. With neat grouping, 
researchers can present clear frequency distributions as background before moving on to 
more complex analyses of relationships between variables.
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Ordinal Scale: Ranking

Ordinal scales go beyond simple categorization by introducing an element of hierarchy 
or ranking into measurement. In these scales, the numbers assigned to variables serve not 
only as distinguishing labels but also convey information about the relative position of one 
object relative to another. Researchers use these scales when they need to indicate that one 
phenomenon is  "greater," "stronger," or "higher" than another.  In quantitative research, 
these scales are particularly effective for capturing variables that are naturally hierarchical 
but difficult to measure with precise numerical units.

The primary characteristic of an ordinal scale is the presence of a clear order, but with 
inconsistent or immeasurable gaps or distances between ranks. For example, in educational 
levels, we logically understand that a bachelor's degree is higher than a high school graduate. 
However, we cannot mathematically state that the intellectual distance or duration between 
high school and bachelor's degrees is exactly the same as the distance between bachelor's 
degrees and master's degrees. This irregularity of distances places the ordinal scale in a 
unique position: it has a rigid ordinal structure, but lacks the metric precision found at higher 
scales.

In terms of data analysis, this inconsistent distance limitation limits the arithmetic op-
erations that can be performed. Researchers are not permitted to use the average ( mean ) 
on ordinal data because the ranking numbers do not represent a summable quantity. Instead, 
the most appropriate measure of central tendency is the median, which indicates the mid-
point of a sorted data set. Furthermore, the use of percentiles and cumulative frequencies is 
very helpful for researchers to see the distribution of respondents' positions within a group, 
such as determining who is in the top 10% of a performance ranking.

For doctoral  researchers,  the use of  ordinal  scales in journal  manuscripts requires 
careful consideration, especially when defining qualitative yet hierarchical categories. Re-
searchers must be able to provide a strong argument for placing the variables in a particular 
order based on established theory. While these scales are often considered "middle of the 
road," mastery of ordinal data allows researchers to conduct robust non-parametric correla-
tion analyses, such as  Spearman's Rho. This provides insight into patterns of relationships 
between ranks that might otherwise be missed using simple categorization.

Interval Scale: Equal Distance

Interval scales take the precision of quantitative research to a higher level by introduc-
ing the concept of uniform and consistent distances between measurement points. In these 
scales, numbers are no longer simply labels or sequences, but rather representations of 
quantities with meaningful differences. Researchers use interval scales to ensure that the 
difference between a value of 2 and 3 is exactly the same as the difference between a value 
of 4 and 5. This standardization (the way we view the world as objective and measurable) of 
distances allows researchers to conduct much more in-depth analysis than nominal or ordi-
nal scales, because the data already has a stable metric structure.

A unique characteristic that defines an interval scale is its lack of an "absolute zero," 
meaning that zero is merely a reference point and not an indicator of the complete absence 
of the measured variable. The most common example is the measurement of temperature in 
Celsius; when a thermometer reads 0°C, it does not indicate the complete disappearance of 
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heat from the air, but merely the freezing point of water. Similarly, in social research, when a 
respondent gives the lowest score on a questionnaire, it does not represent the complete 
absence of a psychological trait, but merely the lowest position on a scale range determined 
by the researcher.

In research practice, the Likert Scale is the most popular application of interval scales 
for measuring perceptions, attitudes, or behavior. Assuming that the psychological distance 
between "Strongly Disagree" and "Strongly Agree" is evenly distributed, researchers gain the 
power to perform more complex mathematical operations. Unlike the previous scales, inter-
val data allows the use of the Mean to determine central tendency and the Standard Devia-
tion to measure how far the data is spread from the center. This provides a much richer sta-
tistical picture of the characteristics of the population being studied.

This mathematical advantage allows researchers to apply robust parametric statistical 
tests, such as the t-test, ANOVA, or Pearson correlation. The ability to process data paramet-
rically is crucial in international journal manuscripts because it provides a higher level of 
confidence in testing causal hypotheses. By presenting data on a well-validated interval scale, 
researchers demonstrate that the instruments used are capable of precisely capturing the 
dynamics of the variables, thus ensuring that the generalizations drawn have scientific cred-
ibility that is difficult to dispute.

Ratio Scale: Absolute Zero

The ratio scale is the highest class in the world of measurement. While other scales 
have limitations, the ratio scale has it all: a clear order, consistent spacing between numbers, 
and the presence of absolute zero. Here, zero isn't just a marker or a reference point. Zero 
truly means nothing, a void, or the complete absence of the variable being measured.

Imagine checking the balance in a digital wallet. When the number shows zero rupiah, 
it means there really isn't a single penny in there. Similarly, the weight of an object or the 
number of people in a room. Because the starting point is total nothingness, each increment 
in the number has a very precise and objective meaning in the real world.

The main advantage of this scale lies in its ability to make ratio comparisons. We can 
confidently say that a 40-year-old is "twice" as old as a 20-year-old. Similarly, with weight, a 
100 kg weight is indeed twice as heavy as a 50 kg weight. This "multiple times" comparison 
logic is only valid because we are starting from the same starting point.

In data analysis, the ratio scale is a "golden child" for researchers. All mathematical  
operations—from addition and subtraction to multiplication and division—can be applied 
without hesitation. This allows for highly accurate, high-level statistical applications. With a 
ratio scale, data is not simply ordered or categorized, but rather represents a truly tangible 
and absolute quantity.

Why is Understanding NOIR Important in Our Research?

Understanding the NOIR hierarchy ( Nominal, Ordinal, Interval , Ratio) isn't just about 
memorizing theory, but rather a key tool in developing research methodology. The scale we 
choose will determine which statistical tools we can use. If our data is only at the nominal or 
ordinal level, we're limited to simpler non-parametric tests. However, with an interval or ra-
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tio scale, we can use parametric tests like regression or ANOVA, 1which are much more pre-
cise in distinguishing the influence or relationship between variables.

The sharpness of this analysis is directly proportional to the precision of the data we 
collect. The higher the level of measurement, the richer the information we can extract and 
interpret. Ratio data, for example, provides a very detailed and absolute picture, while nom-
inal data can only provide grouping. In a dissertation, this precision is crucial because it will  
determine how convincing the arguments and findings we present to the examiner are.

Finally, this understanding ensures consistency when we begin developing question-
naires or research instruments. We must decide early on whether a variable, such as "per-
formance," will be measured as a success/failure category or through a more in-depth com-
posite score. This decision must align with the overall objectives of our research to avoid 
choosing the wrong tool midway. Consistency in the operationalization of variables is what 
will maintain the integrity of the entire research process until the final chapter.

The Importance of Operationalization for Validity and Reliability

Operationalization is the bridge that connects abstract ideas in our heads with reality 
on the ground. Without clear definitions, big concepts like "loyalty" or "job stress" will be-
come nothing more than a cloud that's hard to grasp. This is where validity plays a key role. 
Validity ensures that the measurement tools we create truly target the right target. If we want 
to measure intellectual intelligence but instead test typing speed, our research results will 
never be valid because the tool is irrelevant to the essence of what we're trying to measure.

Beyond accuracy, thorough operationalization is key to reliability or consistency. Imag-
ine our research instrument as a recipe; other researchers anywhere in the world should be 
able to obtain the same results if they follow the steps we've written. When indicators and 
measurement procedures are clearly structured, the resulting data will not fluctuate simply 
due to differences in time or the person measuring it. This consistency is what makes our 
research findings credible and scientifically recognized.

Ultimately, weak operationalization can undermine the entire research edifice we've 
painstakingly built. If the foundation of the indicators is weak, no amount of sophisticated 
statistical analysis will be able to salvage erroneous conclusions. By ensuring each variable 
has a concrete and logical measurement, we minimize bias and human error. Strong opera-
tionalization is not merely an academic formality; it guarantees that our arguments are based 
on honest, accurate, and accountable data.

Ensuring Validity: “Target Accuracy”

Validity is often likened to "target accuracy" in archery. A study is considered valid if the 
arrow we release lands precisely in the center of the target, without straying to other areas. 

1ANOVA (Analysis of Variance) is a statistical test that compares the means of three or more groups 
to see if there are significant differences between them, essentially determining whether the 
independent variable affects the dependent variable. It works by analyzing the variation 
between groups compared to the variation within groups, using the F test; if the variance 
between groups is significantly greater than the variance within groups, it indicates that the 
group means are not all the same, indicating a real effect.
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In dissertation writing, robust operationalization ensures that the indicators we choose truly 
capture the essence of the variables being studied. Without this alignment, we may obtain 
data, but it doesn't tell the truth we want to reveal.

One of its main pillars is content validity, which requires us to examine the dimensions 
of a variable thoroughly and fairly. Imagine if we were researching "Employee Performance" 
but only used attendance as the benchmark. Even if the attendance data were highly accu-
rate, our research results would be flawed because they ignore other crucial dimensions such 
as work quality and team collaboration capabilities. Good operationalization forces us to view 
a concept holistically, not from a single, narrow perspective.

Failures in operationalization often lead to fatal conceptual errors. A classic example is 
when someone tries to measure "Intelligence" but uses a "Typing Speed" test. The typing test 
may yield remarkably consistent results each time it is repeated, but it still misses the mark.  
Herein lies the trap: a measurement tool can appear to work well, but it loses its value if the 
variable it captures is not the one it was originally intended to measure.

Ultimately,  maintaining validity  through operationalization is  a  form of  intellectual 
honesty for a researcher. It ensures that the conclusions we draw at the end of the chapter 
are based on relevant and logical foundations. By rigorously defining variables, we close the 
gap for bias or misinterpretation. Validity is not simply a statistical term; it is a guarantee that 
our entire research effort truly and accurately answers our research questions.

Ensuring Reliability: “Consistency of Results”

Reliability is about the promise of consistency. If validity is about accuracy, then relia-
bility is about how often we can hit the same point repeatedly. In the world of research, a  
reliable measuring instrument should not be fickle or produce results that change simply 
because of different times or different people in control. Operationalization acts as a stan-
dard operating procedure (SOP) that ensures that every data collection is done in exactly the 
same way every time.

Without clear and rigid guidelines, research can become trapped in a dangerous realm 
of subjectivity. Imagine if the variable "Discipline" were measured solely based on the supe-
rior's general impression; the results would undoubtedly be biased and unstable. However, 
when we operationalize it as "attendance scores on digital attendance machine logs," those 
subjective assessments transform into tangible, objective numbers. This clear set of rules 
ensures that anyone conducting the measurement will obtain similar results, as the param-
eters are already firmly locked in place.

Ultimately, strong reliability protects the integrity of our dissertations. By reducing the 
influence of feelings or instincts, the data we produce becomes more robust and difficult to 
debunk. Operationalization ensures that our findings are not mere flukes, but rather the re-
sult of a stable scientific process that can be retested by others. This consistency provides 
readers with a sense of security that our data is truly and permanently reliable.

Reciprocal Relationship: Validity and Reliability

Operationalization is key to balancing the two. An instrument can be reliable but not 
valid (with consistent but misleading results), but a valid instrument typically has a good 
level of reliability if its operationalization is rigorous.
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Aspect Operationalization Role Results If Weak

Validity Ensuring indicators are in 
accordance with theory 
(Chapter 2 Ross & Res ).

Research measures the wrong 
thing ( garbage in, garbage out ).

Reliability Provides standard and rigid 
measurement instructions.

Data changes depending on who 
measures it (bias).

Implementation in Our Dissertation

In a PhD proposal, the Operationalization of Variables section will be the heart of our 
methodology. There we must be able to explain:

1. Understanding measurement structure begins with variables , which are the abstract 
concepts we want to research. Variables can be anything from tangible things like 
"height" to intangible things like "job satisfaction" or "customer loyalty." Because 
variables are often too broad and difficult to measure directly, you need to break them 
down into smaller components to sharpen and clarify the focus of your research.

2. After defining the variables, the next step is to divide them into dimensions. Dimensions 
are the aspects or pillars that make up the variable, making them easier to understand. 
For example, if the variable is "employee performance," the dimensions might include 
work quality, work quantity, and timeliness. By dividing the variable into dimensions, 
you ensure that no important part of the concept is overlooked when you begin 
developing the measurement tool.

3. To make your research concrete, these dimensions must be broken down into indicators. 
Indicators are concrete clues that can be observed, calculated, or directly asked of 
respondents. If the dimension is "punctuality," then indicators might include the number 
of latecomers in a month or the speed of completing tasks. These indicators will then 
become the questions in our questionnaire, transforming abstract theories into raw data 
ready for processing.

4. Finally, you must decide how the numbers will be presented using the NOIR Scale ( 
Nominal, Ordinal, Interval , or Ratio). The choice of scale determines the "strength" of 
our data; whether the numbers are simply labels ( nominal ), ranked ( ordinal ), evenly 
spaced ( interval ), or have an absolute zero value (ratio). Choosing the right scale is 
crucial because it will determine what types of statistical tests can and cannot be used in 
the analysis.

Applied Case Study: “Technostress”

If we examine stress due to technology (Technostress) in teachers:

1. Concept: Technostress.
2. Operational Definition: Feelings of stress experienced by teachers due to the inability to 

adapt to new educational technologies.
3. Indicator:

a. Often feel dizzy when using the exam application.
b. Feeling like my break time is getting reduced because of WhatsApp messages from 



16

school.
c. Hesitate when trying new features on the computer.

4. Measuring Instrument: Questionnaire with a Likert Scale of 1 (Never) to 5 (Very Often).

Operationalization is a way for quantitative researchers to be intellectually honest. By 
providing detailed operational definitions in the methodology section, we give readers the 
opportunity to critique or replicate our research using the same standards.

About Quality Measurement

In the world of quantitative research, there's a well-known old adage: "garbage in, 
garbage out." This quote reminds us that no matter how sophisticated the statistical tech-
niques or software we use, the results will be useless if the data comes from flawed instru-
ments. Data will only have scientific value if it comes from high-quality measuring instru-
ments.  Without  high-quality  measurements,  the  numbers  in  our  dissertations  are  just 
meaningless symbols that can't provide any solutions.

The first pillar that must be firmly established is validity, which simply means accuracy. 
Validity asks: "Are we really measuring what we're supposed to be measuring?" Imagine 
trying to find out someone's weight but instead using a ruler as a measuring tool; we'll get a 
number, but that number is completely invalid for describing weight. In social research, va-
lidity ensures that our questionnaire truly captures the essence of the psychological or be-
havioral variable in question, rather than measuring something irrelevant.

The second pillar is reliability, which refers to the stability and consistency of the mea-
suring instrument. A research instrument must be faithful; it must produce relatively similar 
results when tested again on the same subjects under the same conditions. If a scale reads 
60 kg today and then five minutes later reads 70 kg for no apparent reason, then the scale is 
unreliable. By maintaining validity and reliability simultaneously, we ensure that our research 
is built on a foundation that is honest, accurate, and trustworthy by the academic commu-
nity.

Validity: Accuracy

Validity answers the question: "Does this instrument actually measure what it is sup-
posed to measure?" Validity is concerned with the accuracy and usefulness of the conclusions 
drawn from the measurement results.

Validity is fundamentally about accuracy; are we actually measuring what we intend to 
measure? Imagine if we wanted to know someone's body temperature but instead used a 
barometer. While a barometer is a great tool for measuring air pressure, it is completely in-
valid for measuring body heat. In research, even sophisticated data is useless if the measur-
ing instrument is inaccurate. We must ensure that the instruments we use are specifically 
designed to capture the phenomena we are targeting.

In the context of social research, this challenge is compounded because the concepts 
being measured are often abstract. If we want to examine "Teacher Anxiety" but our ques-
tionnaire focuses primarily on "Teacher Salary," the instrument suffers from a content valid-
ity crisis. The questions fail to capture the true domain of the concept because salary is  
merely an external factor, not a direct representation of the psychological state of anxiety 
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itself. Without alignment between the concept and the questions, our conclusions will devi-
ate from the reality we are trying to portray.

To maintain data quality, we need to pay attention to three main pillars of validity. First, 
content validity ensures that the questionnaire items represent all important aspects of the 
concept  being  studied.  Second,  construct  validity  requires  that  our  instruments  remain 
faithful and aligned with the underlying theory. Finally, criterion validity tests whether our 
instrument's results are consistent when compared to the "gold standard" or other proven 
measuring instruments. By meeting these three aspects, we provide scientific assurance that 
our research results are objective and reliable.

Reliability: Consistency

Reliability answers the question: "Does this instrument provide stable and consistent  
results when used repeatedly?" An instrument is said to be reliable if it is free from random 
error.

In research, reliability is about the consistency of the measuring instruments we use. 
Imagine if we weigh an object weighing 50 kg, but a minute later the same scale shows 55 kg 
for no apparent reason. The scale is clearly unreliable because it cannot produce consistent 
results under the same conditions. In research, our instruments—whether questionnaires or 
physical devices—must be "faithful" to their results. If our measuring instruments fluctuate 
randomly, the data we collect will lose its credibility.

Several key factors significantly influence this level of reliability. First, the clarity of the 
instructions; if the questionnaire questions are confusing, respondents may give arbitrary or 
different answers the next time. Subject conditions, such as fatigue or rushing while com-
pleting the test, can also compromise data consistency. Furthermore, subjective assessment 
procedures by researchers can lead to inconsistent results. Therefore, standardizing proce-
dures is crucial to ensure that the results remain objective, regardless of who is measuring 
and when they are measuring.

To ensure our instrument is truly robust, we can use several testing methods. One such 
method is the test-retest method , which involves administering the same test to the same 
respondents at regular intervals to assess the stability of the results. However, the most 
popular method in social research is measuring internal consistency using Cronbach's alpha. 
This method analyzes each question in our questionnaire to ensure they are all interrelated 
and measure the same thing. If the alpha value is high, we can be confident that our ques-
tionnaire is indeed a reliable measurement tool.

The Relationship Between Validity and Reliability

Understanding the relationship between validity and reliability is key to maintaining 
research integrity. Think of reliability as the foundation, and validity as the roof of precision. 
Reliability is an absolute requirement that must be met first, but it is not the end in itself. A 
valid measurement tool certainly has good consistency, but a measurement tool that appears 
highly consistent may not necessarily produce accurate results that reflect the reality it is in-
tended to measure.

Let's take the simple example of a broken scale. If every time we step on it, it always 
shows a number five kg heavier than our actual weight, then the scale is highly reliable be-
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cause the results are stable and consistent. However, even if it is consistent, the scale is 
completely invalid because it fails to show our true weight. In research, consistency without 
precision only results in errors that are repeated with precision.

Throughout the research process, this relationship demands precision at every stage of 
operationalization. We shouldn't be simply impressed by high reliability scores on instrument 
trials. We must continually question whether these consistent numbers truly represent the 
theoretical concepts we're examining. Maintaining a balance between the two means en-
suring that our research is not only replicable by others but also truly reaches the core truth 
of the phenomenon we're examining.

Implementation in Research Design

Before we actually go into the field to collect dissertation data, there's one crucial step 
we must take: pilot testing. This stage is like a simulation exercise for our questionnaire, en-
suring that all questions are understood correctly by respondents. Without pilot testing, we 
risk collecting "garbage" data, the damage of which is only realized when the research is  
nearly complete. Following Ross's advice, this step is an investment of time that will ulti-
mately safeguard the integrity of the entire PhD process.

Once the data from the trial is collected, the next step is to take it to the statistical  
laboratory for analysis. We need to test Cronbach's Alpha to determine the strength of the 
internal consistency of the instrument we created. This number will tell us whether our items 
support each other in measuring the same concept or whether they contradict each other. A 
statistically sound instrument provides peace of mind that our research results are not mere 
fluke, but rather represent a stable and robust pattern.

Beyond consistency, we must also conduct a factor analysis to validate whether the di-
mensions we've theoretically developed are actually formed in the field. This analysis serves 
as a "cleanser" to remove weak or irrelevant indicators related to the main variables. By 
meeting international academic standards through this statistical test, our dissertation will 
not only impress the examiners but also have a solid scientific foundation that is difficult to 
refute methodologically.

Measurement Scale: Level of Measurement

Understanding measurement scales is not just about grouping data, but about deter-
mining the future of our analysis. Nominal and ordinal data is at a basic, categorical level. 
Nominal data only serves as an unordered label, such as gender or region of origin, while 
ordinal data already has a rank, but the distance between numbers is not necessarily equal. 
Due to its simpler nature, this data is usually processed using non-parametric statistics. This 
tool is very useful for identifying patterns or differences without requiring perfect data dis-
tribution, although the information may not be as detailed as higher scales.

On the other hand, if we want sharper and more in-depth results, we must delve into 
the realm of true numerical data, namely interval and ratio data. Here, numbers are no longer 
mere labels, but rather tangible quantities such as temperature, income, or time duration. 
The main advantage is that we are allowed to use much more powerful parametric statistics, 
such as t-tests, ANOVA, or regression analysis. With these scales, we can see cause-and-ef-
fect relationships with great precision. Choosing the right scale from the outset will ensure 
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that the statistical "scalpel" we use is truly capable of uncovering the truth behind our re-
search data.

In quantitative research, choosing a measurement scale isn't just a matter of labeling; 
it also determines the "power" of the statistical analysis we can perform. Understanding the 
difference between categorical and true numerical data is crucial to avoiding mistakes when 
choosing hypothesis tests.

The following is an in-depth explanation of the division of the measurement scale.

Categorical Data: Nominal & Ordinal

Categorical data is the starting point for grouping information in research. At this level, 
the numbers we use don't have any actual mathematical value. They function as labels or 
"baskets" to sort subjects into specific groups. Because of its nature of dividing the popula-
tion into distinct categories, this data is very helpful for researchers in understanding the 
composition or underlying differences between groups in a study.

At the most basic level, we're familiar with nominal scales. Here, numbers are simply 
"names" or identifiers that computers can use to interpret our data. Examples are simple, like 
coding gender or religion. A 1 for male and a 2 for female doesn't mean a woman is worth 
more than a man. There's no order, no hierarchy; they simply differentiate between the two 
so that subjects aren't confused.

One level above this is the ordinal scale. Here, numbers begin to have power because 
they indicate an order or ranking. We can see who is ranked first, second, and third, or which 
respondents are "Very Satisfied" and which are "Dissatisfied." However, the downside is that 
we don't know exactly how large the gap is between one rank and the next. The difference 
between first and second place might be very small, while the difference between second 
and third place could be very large.

Due to the inconsistent spacing between numbers and the data's tendency to be non-
normally distributed, we cannot use conventional statistics. We must use  non-parametric  
statistics as our analytical tools. Tests like the Chi-Square or Mann-Whitney have become very 
popular here because they don't require strict assumptions about population distribution. 
With the right tools, seemingly simple categorical data can still provide sharp and meaningful 
conclusions for our dissertations.

True Numerical Data (Interval & Ratio)

This data is called true numeric because the numbers here have actual mathematical 
values, where the distance between numbers can be measured accurately.

Understanding data scales is key to choosing the right analytical tool for your research. 
Interval scales are unique in that the distance between numbers is equal and consistent, yet 
they lack an absolute zero. The most classic example is temperature; when we say 0°C, it 
doesn't mean there's no heat at all, but rather just the freezing point of water. Similarly, with 
IQ test scores, a score of 0 doesn't mean someone lacks intelligence, as the number is simply 
a position on an agreed-upon measurement scale.

On the other hand, the ratio scale holds the highest rank because it has a very real ab-
solute zero value. If we measure income and the result is 0 rupiah, it means absolutely no 
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money is flowing. The same is true for weight or time duration; a value of zero here truly 
represents the absence of the measured characteristic. Due to its accuracy and certainty, the 
ratio scale provides complete flexibility in mathematical calculations, from addition to precise 
multiplication.

Choosing interval or ratio data has a significant statistical advantage: it allows us to use 
parametric statistics. This technique is much more "powerful" because it provides more pre-
cise estimates and has high generalizability to a wider population. As long as our data meets 
the assumptions of a normal distribution, we can use popular tests such as the t-test, ANOVA, 
Pearson's correlation, or linear regression. By using these parametric methods, our research 
results will have stronger statistical integrity and be more recognized within the academic 
community.

Why Does This Distinction Matter to Researchers?

1. Analysis Flexibility. If we collect data on a ratio scale (e.g., age in years), we can always 
scale it down to ordinal (e.g., young, middle, old). However, if we initially collect data on 
a nominal scale , we cannot scale it up to a higher level.

2. Strength of Conclusions. Parametric statistics ( Interval /Ratio) provide more detailed 
information about how much influence one variable has on another, while non-
parametric statistics usually only show whether there is a difference or relationship.

3. Publication Requirements. Highly reputable journals often expect researchers to use a 
minimum interval scale so that regression analysis or SEM ( Structural Equation 
Modeling ) can be conducted validly.

Always try to measure the main variables of our research at the interval or ratio level 
so that we have maximum flexibility when testing hypotheses in data analysis.

Summary of Technical Implications

1. Creating a research flowchart is a great way to transform abstract concepts into concrete 
images. Through this diagram, we visualize the relationships between the independent 
variable (IV), the dependent variable (DV), and any intervening or moderating variables. 
A clear flowchart helps readers grasp our logic in just one glance without having to read 
a lengthy narrative. With this visual map, the position of each variable in our research 
becomes clearer and its influence is easier to understand.

2. Next, we need to create an Operationalization Table to bridge the gap between high-
level theory and reality. In this table, we explain in detail how an abstract concept is 
broken down into dimensions, then further refined into measurable indicators. Don't 
forget to include the scale used, whether a Likert scale or a ratio scale, so readers know 
exactly how we quantified the data. This table serves as our research dictionary, 
ensuring that what we measure truly aligns with the theoretical definitions we use.

3. Finally, before moving on to the main analysis, we must report the results of the 
Instrument Test as evidence of the robustness of our measurement tool. Present the 
results of the validity test to prove that our questionnaire actually asks what it is 
supposed to, as well as the reliability test using Cronbach's Alpha values. High reliability 
values indicate that our instrument is consistent and can be used repeatedly. By 
reporting these figures upfront, we assure readers that the data we will analyze later 
comes from a foundation of statistically sound instruments.
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4 

Research Design Taxonomies

Research design is a blueprint  that guides researchers to answer research questions 
validly and efficiently. Woods divides this design based on two main axes: research objectives 
and levels of control.

Non-Experimental ( Observational ) Design

In this design, the researcher does not intervene or manipulate the subjects. The re-
searcher simply acts as a "recorder" of existing phenomena.

1. Descriptive:
a. Focus: Answering the question "What?" For example, "What is the digital literacy 

profile of students in Jakarta?"
b. Characteristics: Does not look for relationships between variables; only provides a 

statistical description (mean, median, distribution) of a population.
2. Survey:

a. Focus: Taking data from a sample to understand trends, opinions, or behaviors of a 
large population.

b. Characteristics: Highly dependent on the quality of the questionnaire and sampling 
techniques for representative results.

3. Correlational:
a. Focus: Examines whether two or more variables are related and how strong the 

relationship is.
b. Important: Relationship is not the same as causation. If X and Y are correlated, it 

does not necessarily mean that X causes Y; it could be that Y causes X or that a third 
factor influences both.

Experimental Design (Intervention)

This design is used when researchers want to prove a cause -and-effect relationship 
(causality ). Researchers actively provide treatment to one group and compare it with another 
group.

True Experiment

In the world of research, a pure experimental design is considered the best ( the " gold 
standard") because of its ability to prove cause-and-effect relationships. Its main strength lies 
in its strict control over confounding variables that could skew the results. With this design, 
researchers have complete control over the environment and the treatments administered. 
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This makes the conclusions highly credible, as we can be sure that the changes occurring are 
indeed caused by our treatment,  not  by 
chance or external interference.

The essential  requirement  underly-
ing this power is random assignment. Be-
fore  the  study  begins,  subjects  are  ran-
domly assigned to either the experimental 
or control group, much like flipping a coin. 
The goal  is  simple yet  crucial:  to  ensure 
that both groups are equal and have bal-
anced characteristics from the start. With-
out  this  random  assignment,  we  would 
never know whether the differences in fi-
nal outcomes were due to the treatment 
we  administered  or  because  subjects  in 
one group were inherently superior from 
the start.

Quasi-Experimental Design

Quasi-experimental research designs are often the most realistic solution when dealing 
with the real world. Unlike rigid experiments, these designs don't use random assignment. 
Typically, researchers use naturally occurring groups, such as classes at school or teams within 
an organization. It's impossible to dismantle the class structure for the sake of research, so 
we use "what already exists" as the experimental and control groups.

However, this convenience comes at a price: vulnerability to bias. Because subjects are 
not randomized, there is always the risk that the groups are unequal from the start. It's pos-
sible that the class we choose as the experimental group already has higher learning moti-
vation than the control class. Without randomization, our biggest challenge is convincing the 
examiner that the final results of the study truly stem from the treatment we administered, 
not from pre-existing innate differences.

Ex Post Facto Design (Causal Comparison)

Ex Post Facto research is a smart solution when we want to examine cause-and-effect 
relationships but are constrained by ethical constraints or past conditions. In this design, the 
researcher's primary focus is looking backward to determine what caused an event.  Re-
searchers do not intervene or administer new treatments, but instead observe the impact of 
variables that subjects have naturally experienced in the past.

For example, imagine we want to study the effects of smoking on lung capacity. Ethi-
cally, we shouldn't force a group of healthy people to smoke for the sake of an experiment.  
The solution is to find people who already smoke and compare them with those who don't. 
While researchers don't have the full control of a pure experiment, this method is invaluable 
in the medical and social fields for understanding real-world phenomena that cannot be in-
tentionally manipulated.

Figure 1: Getty Images
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Design Selection Criteria

Ross Woods notes that design choices should be based on:

Choosing the right research design is the most crucial step before we begin collecting 
data. The first consideration always begins with our research question. If our goal is to cap-
ture a situation or determine how often a phenomenon occurs, then a survey is the most 
efficient tool. However, if we want to go further and prove whether X actually causes Y, then 
we must enter the realm of experiments to directly test the causal relationship.

The second factor that should not be overlooked is ethical constraints. In academia, the 
safety and well-being of subjects is paramount. If manipulating a variable risks harming oth-
ers—such as forcing people to consume dangerous substances or subjecting them to high-
stress situations—then experimental designs must be abandoned. In these circumstances, 
non-experimental, or ex post facto, designs become the only wise and ethical option because 
we are only observing the effects of events that have already occurred naturally.

Finally, we must be realistic about logistical and access constraints in the field. Con-
ducting a true experiment requires complete control over the research environment, which 
is often difficult to achieve in locations like schools or busy offices. If we don't have the power 
to rearrange schedules or randomly assign people to groups, a quasi-experimental design is 
the most reasonable compromise. Choosing a design that aligns with access limitations will 
ensure our research continues smoothly without compromising its scientific quality.

The choice of research design is a strategic decision that determines the entire opera-
tional direction of our research. According to Ross Woods's notes in the text, research design 
is not chosen based on the researcher's preferences, but rather is determined by the logical 
fit between the problem at hand and the reality on the ground.

Research Question: Main Compass

The research question is the primary determinant in determining the method. Mis-
aligning the question with the design will result in data that is incapable of answering the 
problem (invalid).

The choice of research design depends heavily on how we formulate our research 
questions at the outset. If we want to answer exploratory and descriptive questions , such 
as "How many..." or "What is the picture of...", then a non-experimental design like a survey 
is the most appropriate approach. Our primary focus here is not to change the situation, but 
rather to capture reality as it is and observe patterns in the field. This design is powerful in 
providing a broad overview, allowing our research results to be used to generalize phenom-
ena occurring in a larger population.

On the other hand, if we want to dig deeper into the relationship  cause and effect 
(causality), we must move into the experimental domain. Questions like "Does X significantly 
affect Y?" require us to prove that the changes in the dependent variable are truly due to the 
treatment we administered. This is where the role of control becomes crucial; we must be 
able to isolate external influences to avoid biasing our conclusions. With experimental design, 
we don't simply observe, but actively test the effectiveness of an intervention to confirm the 
scientific truth behind the causal relationship.



24

Ethics: The Sacred Boundary of Research

In quantitative research, ethics is often a non-negotiable limiting factor. Researchers 
must not sacrifice human well-being for the sake of data collection.

In the world of research, participant safety is the highest law, guided by the principle 
of non-maleficence. This principle prohibits researchers from engaging in any manipulation 
that risks psychological trauma, financial loss, or physical harm. If the treatment or indepen-
dent variable we wish to test has the potential to harm the subjects, then pure experiments 
should not be conducted. Our integrity as researchers is tested here; we must ensure that 
science is not built on human suffering, no matter how significant the expected findings.

As a solution, we can use an ex post facto design to study sensitive phenomena with-
out violating ethical standards. This design allows us to examine the effects of an extraordi-
nary event—such as the trauma of a natural disaster—on certain variables without having to 
intentionally "create" the event. We simply find a group of people who have experienced the 
event naturally in the past and then observe its impact today. This way, we can still obtain 
accurate scientific data on cause and effect without ever jeopardizing anyone's safety.

Logistics and Access: Field Reality

This criterion relates to the extent to which the researcher has the authority and re-
sources to control the research environment.

In the world of research, the difference between a True Experiment and a Quasi-Ex-
periment lies in how much control we have over the subjects. In a true experiment , we need 
a highly controlled environment, such as a laboratory, to perform random group assignment. 
This step ensures that each participant has an equal chance of being assigned to any group, 
so the final results are truly pure without any inherent bias from participant characteristics.

However, in the real world, such as in schools or companies, such complete control is 
often impossible. This is where a Quasi-Experiment becomes the most logical and practically 
realistic solution. We may not be allowed to randomize students or employees, as this would 
disrupt the existing organizational structure. Instead, we use naturally occurring groups, for 
example, comparing Class A with Class B. Although this method offers more limited control, 
it is still considered valid as long as we can honestly explain these limitations in the report.

Beyond control issues,  resource considerations  also play a key role in selecting a re-
search design. Real-world experiments often require a significantly greater investment of 
money, effort, and time because we must track the development of subjects over a period of 
time. This is in stark contrast to cross-sectional surveys , which can be completed in a short 
time and at a lower cost. Understanding our available resource capacity will help us deter-
mine which design is most feasible without compromising the scientific quality of the re-
search.

Why is the Integration of These Three Criteria Important?

A researcher is able to provide a strong justification in Chapter 3 (Methodology) for why 
they chose a particular design.

1. Choosing an experimental design means we are prepared to shoulder the significant 
responsibility of demonstrating strong control. We must be able to convince readers 
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that we had complete control over the research environment, from randomization to 
uniform treatment delivery. Without concrete evidence of control, our causal claims will 
be easily questioned. Therefore, we need to detail how each confounding variable was 
mitigated so that the changes that occur are truly attributable to our intervention.

2. On the other hand, if we choose a correlational design , we must be able to provide a 
logical justification for why an experiment is not feasible. Often, researchers face ethical 
constraints—for example, it's impossible to intentionally inflict severe harm on humans 
just to see the effects—or logistical constraints such as time constraints and significant 
costs. Honestly explaining these limitations will strengthen our argument; it 
demonstrates that our design choice wasn't driven by ignorance, but rather a strategic 
decision based on the realities of the field.

3. Choosing the right and honest design is key to ensuring our final conclusions have high 
scientific integrity. When the design we use aligns with the objectives and limitations of 
our research, we don't feel the need to "beautify" the data or make claims that exceed 
our statistical capabilities. This integrity isn't just about the accuracy of the numbers on 
paper, but also about how we hold ourselves accountable for every step of our research 
process to the academic community. Conclusions born from an honest process will 
always be more respected and have a real impact on the development of science.

Summary of Implications for Researchers

In compiling the methodology chapter (Chapter 3), this section's understanding of re-
search design and experimental strategy helps us.

The first step in building reader trust is to provide a strong justification for our choice 
of a particular research design. We must be able to explain why, for example, an experimen-
tal design is superior to a survey design for our problem. This justification is not merely a 
technical argument, but rather a form of scientific accountability that our choice is the most 
logical path to answering the problem statement. With solid arguments, our research will 
appear to have a clear direction and will not be easily swayed during question-and-answer 
sessions or exams.

Furthermore, a respectable researcher is one who is willing to acknowledge the limi-
tations of their own research. If we use a correlational design, we must be honest from the 
outset that the data cannot be used to claim a cause-and-effect relationship. Acknowledging 
that variables A and B are merely "related" without feeling the need to force the word "cause" 
demonstrates our intellectual integrity. This humble attitude ensures that our conclusions 
remain within sound statistical boundaries and do not mislead readers with exaggerated 
claims.

Finally, we need to critically identify threats to internal validity to ensure that our re-
search results are truly sound. We must be discerning about whether changes in the outcome 
variable are truly influenced by the variable we are studying, or whether there is interference 
from unforeseen external factors. By identifying these potential interferences—such as en-
vironmental factors or the respondents' psychological state—we can prepare anticipatory 
measures to ensure the final results remain accurate. Being discerning in mapping these 
threats is key to ensuring our research has a high degree of validity and academic recogni -
tion.
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Developing and writing a methodology is a crucial moment for researchers to demon-
strate the "architecture" of their thinking. Understanding the implications of research design 
choices is not merely an academic formality, but a form of scientific accountability.

Providing Strong Justification ( The “Why”)

A researcher should not choose a design simply because it's easy or convenient. They 
must be able to demonstrate that the chosen design is the most appropriate tool for an-
swering the research question.

Choosing a research method isn't just about determining the technicalities of the ex-
periment, but also about building a strong, logical argument for the examiners. If we decide 
to use a True Experiment , our justification should focus on our ability to rigorously control 
external variables. We need to ensure that any changes in the dependent variable are truly 
the result of our treatment through a precise randomization process. Conversely, if we choose 
a Survey, our argument should emphasize the need to capture the big picture and accurately 
generalize the research results to a wider population.

A solid theoretical foundation will be the common thread connecting the paradigm in 
Chapter 1 with the methods in Chapter 3. Our ability to provide logical justification demon-
strates mature thinking and a deep understanding of the problem being examined. We don't 
simply "use" a method; we truly understand why that method is the best tool to address our 
academic concerns. When every choice of research step is based on a strong theoretical ra-
tionale,  the  entire  edifice  of  our  dissertation  will  stand  firm  and  be  difficult  to  shake 
methodologically.

Recognizing and Acknowledging Limitations

The quality of a researcher is not measured by the perfection of their research, but by 
their honesty regarding limitations. Every design has inherent weaknesses.

Understanding  the  difference  between  correlation  and  causality  is  a  sign  of  a  re-
searcher's maturity in using statistical logic. If our research design is correlational, we must 
be very careful in our choice of terminology in the report. We are strictly prohibited from 
using the words "cause" or "effect" because this method only aims to examine the relation-
ship between variables, not who causes what. By consistently using the words "related" or 
"associated," we demonstrate to the examiner that we fully understand statistical limitations 
and are not making exaggerated claims that are not supported by the data.

Intellectual  honesty  is  also  severely  tested  when  discussing  generalizability. If  we 
choose a non-probability sampling technique , such as convenience or purposive sampling ,  
we must be willing to acknowledge that our research results cannot be automatically gener-
alized to the entire population. Our findings may be profound, but they only apply to the 
specific context, time period, and group we are studying. Acknowledging these limitations 
does not mean our research is a failure; rather, it demonstrates our integrity as transparent 
researchers who do not force conclusions beyond the scope of our methodology.
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Determining Threats to Internal Validity

Internal validity is the extent to which we are confident that changes in the Dependent 
Variable (DV) are truly caused by our Independent Variable (IV), not by external interference 
( confounding variables ).

In research, we must be wary of confounding factors that can surreptitiously undermine 
the validity of the results. One obvious threat is historical confounding , where unforeseen 
external events emerge and influence subjects' behavior during the course of the research. 
Furthermore, there are maturational confounding factors related to natural changes in sub-
jects, such as fatigue, boredom, or increasing maturity over time. If these changes are not 
anticipated, we may mistakenly attribute the results to our treatment, when in fact they are 
simply a natural human process.

Inconsistencies can also arise from instrumentation , when the measuring instrument 
or the observer's method of assessing the subjects changes mid-course. If the scales used 
begin to wear out or the questionnaire changes its meaning to respondents in the second 
session, the resulting data will no longer be objective. The accuracy of our research depends 
heavily on the stability of these instruments; ensuring the measuring instrument remains 
accurate and the observer remains consistent is key to ensuring that the differences in scores 
truly reflect the phenomenon being studied.

To maintain the quality of our research, we need to develop a robust mitigation strat-
egy, as outlined in Chapter 3. By understanding these threats from the outset, we can design 
more stringent control procedures, such as using a control group for comparison or con-
ducting more in-depth pre-testing. These precautions act as a shield, protecting the integrity 
of our data from external interference. With careful planning, we can proceed to the analysis 
phase with complete confidence that our research results are valid and objective.

Conclusion

A high-quality methodology chapter is one that is transparent. By understanding the 
three points above, we are not simply writing procedures, but we are building a scientific 
defense.

1. In the world of research, justification is the foundation that builds our credibility as 
researchers. We shouldn't make methodological decisions based solely on personal 
preference; they must be supported by strong scientific reasoning. When we can explain 
why a particular sampling technique was chosen or why a particular instrument was 
used, readers will see that our research is well-founded. A clear justification 
demonstrates that we have mastered the field and are not working by chance.

2. On the other hand, disclosing limitations is actually the most elegant way to build 
integrity. An honest researcher will not pretend that their study is flawless. By 
acknowledging limitations, such as limited data access or short observation time, we 
demonstrate intellectual humility. This honesty does not weaken our research but 
instead provides a clear roadmap for future researchers to refine our findings.

3. Finally, our ability to identify threats is key to achieving high accuracy. We must be 
observant of potential biases or external factors that could undermine the validity of our 
research results. By recognizing these threats early, we can prepare mitigation measures 
to minimize errors. This astuteness in detecting interference ensures that the numbers 



28

we present truly reflect the truth, not simply the result of a flawed process.

The application of these three things will make the reader or examiner confident that 
the research results in Chapter 4 will be based on a very solid foundation and have been 
carefully thought out.
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5 

Populations and Sampling Techniques

In quantitative research, researchers rarely collect data from every individual in a large 
group due to time and cost constraints. Therefore, researchers use samples as a representa-
tion of the population.

Understanding Population Hierarchy

Understanding the difference between a population and a sample is the first step to 
ensuring our research doesn't get lost. A target population is a large group that becomes the 
primary subject of our scientific imagination. For example, suppose we want to draw con-
clusions about all teachers in Indonesia. This is our ideal goal, but in practice, it's very difficult 
to reach millions of people across the country at once.

This is where we need to define the Reachable Population as a more realistic boundary. 
This is the portion of the target population that we can actually access physically, geographi-
cally, and temporally. If budget constraints only allow us to research in one province, then all 
teachers in that province become our reachable population. This boundary is crucial so we 
can work efficiently without losing focus on the group we want to study.

Finally, we take a sample from this accessible population to actually invite participants. 
A sample is a small group of people from whom we will collect data through questionnaires 
or interviews. Although much smaller in number, this sample must be carefully selected to 
remain an accurate reflection of the larger population. It is through data from this small group 
of people that we will eventually make broader statements about the phenomenon we are 
studying.

Probability Sampling (Representative)

In order for research results to be scientifically generalizable, each member of the 
population must have an equal chance of being selected.

Simple random sampling is the purest way to provide equal opportunities for every in-
dividual. Imagine a giant lottery system: each member of the population is assigned a num-
ber and is randomly selected without any subjective interference. This method is considered 
the fairest because it effectively eliminates selection bias. However, challenges arise if our 
population is very large or geographically dispersed, as we must have a complete list of the 
entire population before drawing.

If we want order but still want to maintain an element of chance, systematic sampling  
can be a more practical option. Here, we define a specific interval, for example, selecting ev-
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ery 10th person from a given list. This method is much more efficient and neat than manually 
drawing each person individually. As long as the list of population members is randomly ar-
ranged and contains no hidden patterns, this method will produce results very similar to 
simple random drawing, but with a faster process.

Often, our populations are hetero-
geneous, and this is where stratified sam-
pling  plays a crucial  role.  We divide the 
population into subgroups or strata based 
on key characteristics, such as education 
level or age group. We then draw a ran-
dom sample from each group proportion-
ally.  This  ensures  that  even  minority 
groups  are  fairly  represented  in  our  re-
search, so that the results are not domi-
nated by the majority group.

Finally,  if  our  population  is  very 
large, such as the population of a single 
province, cluster sampling is the most log-
ical solution. Instead of selecting individu-
als individually in different areas, we select 
entire groups or "clusters," for example, 
randomly selecting five schools or three villages. Everyone within these selected clusters will 
be our respondents. This technique significantly saves time and transportation costs, as re-
searchers can simply focus on a few pre-selected locations that represent the area.

Non-Probability Sampling (Not for Generalization)

Often used in initial research or when the population is very difficult to reach. The re-
sults cannot be claimed to be statistically representative of the entire population.

Non-probability sampling methods are often a lifesaver when researchers face limited 
access or time. Convenience sampling is the most practical method because we simply select 
whoever is available and easiest to reach at the time. For example, we might distribute a 
questionnaire to people nearby or to our social media followers. While very quick and cost-
effective, we must remain cautious because this method carries a high risk of bias, as the 
sample may not fully reflect the true diversity of the population.

If our research requires in-depth information from a specific perspective,  purposive  
sampling is a much more precise option. Here, we don't select respondents at random, but 
rather establish specific criteria or expertise that potential participants must meet. We in-
tentionally target individuals deemed to be most knowledgeable or relevant to the research 
problem, such as managers with ten years of experience or experts in a specific technology 
field. With this method, the data we collect will be much more substantial and targeted, in  
line with the initial research objectives.

Finally, there are times when we are faced with a population that is very closed or 
difficult to reach openly. In these situations, snowball sampling is a very effective strategy. It 

Figure 2: Shutterstock
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works similarly to a rolling snowball; we start with one or two initial respondents, then ask 
them to recommend colleagues with similar characteristics. This "chain" technique is espe-
cially useful for researching hidden communities or highly specialized professional groups, 
where word of mouth is the researcher's only means of entry.

Determining Sample Size

Woods' notes emphasize that sample size is not simply a random number. It is influ-
enced by:

When determining sample size, we must consider the margin of error , or tolerable level 
of error. This number reflects how far our sample results might deviate from the true popu-
lation. If we set a margin of error of 5%, we acknowledge that there is a small margin of un-
certainty in the data. The smaller the margin we choose, the more accurate our data will be,  
but consequently, we will need a much larger sample size to offset this risk of error.

Next, we need to establish a Confidence Level (CL) to indicate how confident we are 
that the sample truly represents the population. The gold standard in social research is usu-
ally 95% or 99%. If we use a 95% confidence level, it means that if the study were conducted 
100 times on the same population, 95 of them would produce consistent results. This isn't  
just a number; it's a professional statement about the robustness of the generalizations we 
produce in our dissertation.

Finally, to ensure our research isn't statistically "weak," using a power analysis tool like 
GPower is crucial. This analysis helps us mathematically calculate the minimum sample size 
needed to ensure our statistical test has sufficient power to detect an effect or relationship 
between variables. Without a proper power calculation , we risk missing a true effect simply 
because the sample size is too small. With GPower, we have strong scientific justification that 
our sample size is ideal for accurately answering our hypothesis.

Sampling Bias

Researchers must be wary of bias that can arise if the sample is not representative. For 
example, conducting an online survey on digital literacy only among people with advanced 
smartphones will exclude groups without internet access and undermine the validity of the 
results.

Summary of Implications for Researchers

In compiling the methodology chapter, understanding Part IV requires us to:

1. The first, fundamental step in developing a methodology is to precisely define the Unit 
of Analysis. We must clarify who or what is actually the subject of observation in this 
research. Are we examining individual behavior such as consumers, dynamics within an 
organization , or perhaps a specific object such as a company's financial statements? Crisply 
defining this unit of analysis will prevent confusion when we begin collecting data, ensuring 
that all incoming information is truly relevant to the problem we wish to solve.
2. Once the subjects are identified, we must maintain transparency in our sampling 
procedures. We need to explain in detail, step by step, how respondents were selected 
from the existing population. Did we use simple random sampling or a more specific 
technique? This honest and detailed explanation is not just an administrative matter; it's 
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how we ensure the research is replicable. With transparent procedures, other researchers 
in the future can repeat our study in the same 
way to test the consistency of the results.
3. Finally, we shouldn't determine the number 
of respondents based solely on feelings or ease 
of access; we must provide a strong Sample  
Size Justification. We need to include a 
scientific justification for why the sample size is 
considered representative of the population, 
for example by using the Slovin formula, the 
Krejcie-Morgan table, or a power analysis using 
GPower. This justification ensures that the data 
we collect has sufficient statistical power to be 
generalized, thus ensuring that our research 
conclusions have undeniable credibility.

Figure 3: Shutterstock
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6 

Cycles of Research and Data Analysis

Data analysis in quantitative research is not just about entering numbers into an appli-
cation, but rather a logical process known as the “Research Cycle”.

Data Cleaning ( Data Cleaning )

Before conducting statistical testing, researchers must ensure the data is "suitable" for 
analysis. This process includes data cleaning, outliers, and coding.

The data cleaning stage is the moment where we ensure that the numbers to be pro-
cessed are truly "clean" of noise. The first, crucial step is identifying missing data or incom-
plete answers. We often encounter questionnaires where respondents missed several im-
portant questions. Here, we must make a decisive decision: whether to remove these re-
spondents from the list entirely or use the mean imputation technique by filling in the blanks 
using the group average. Carefully handling these gaps will maintain the balance of our data 
for later testing.

Once the data is cleared, our attention must shift to detecting outliers. These are ex-
treme values that appear "alone" and far from the range of other data, thus risking skewing 
the overall average results. Imagine if we were researching the average income of residents 
in a village, and only found one respondent with a net worth of trillions of rupiah. If this ex-
treme data were included, the village's economic picture would appear far more prosperous 
than it actually is. Separating or adjusting for these outliers is crucial to ensure our research 
results remain realistic and undistorted.

Finally, we need to perform a coding process to bridge human language with machine 
language. Statistical software like SPSS or R cannot directly read feelings or opinions such as 
"Strongly Agree" or "Dissatisfied." We must transform each answer category into statistically 
meaningful numbers, for example, assigning a score of 5 for "Strongly Agree" to a score of 1 
for "Strongly Disagree." This transformation process is not simply converting text to numbers, 
but rather a systematic step to ensure all variables are ready for mathematical analysis with-
out any input errors.

Classical Assumption Test (Prerequisite)

Quantitative statistics (especially the parametric type) require data to meet certain re-
quirements:

Before  we jump into  the  core  analysis,  we must  ensure  that  our  data  meets  the 
"promises" of classical assumptions. The first is the Normality Test. Imagine our data should 
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naturally converge to form a beautiful, balanced bell curve. If the data is too skewed to the 
left or right, the results of statistical tests such as regression will be biased and inaccurate. 
This normality ensures that the sample we take truly represents the population, ensuring that 
our conclusions are not misaligned with the reality on the ground.

Next, we need to consider  the Homoscedasticity Test. This term may sound compli-
cated, but the bottom line is very simple: we want to ensure that the variance, or "diversity," 
of  our  data remains  stable  across  the range of  measurements.  Imagine comparing two 
groups, but one group has very dense data distribution while the other group is very scat-
tered; this would make the comparison unfair. Homoscedasticity keeps the "playing field" of 
our data level, so that the results of our test of difference or effect are truly statistically valid.

Finally, there's  the Linearity Test  , which ensures that the relationship between our 
variables actually follows a consis-
tent,  straight  line.  In  parametric 
statistical logic, we assume that if 
variable X increases, variable Y will 
also increase or decrease propor-
tionally, rather than changing ran-
domly  or  following  an  unclear 
curve. If this relationship isn't lin-
ear, then the statistical model we 
build will  fail  to  capture the true 
pattern. Ensuring this straight line 
relationship is key to ensuring the 
predictions or regression models in 
our dissertations have a strong and 
easily interpretable logical basis.

Descriptive Statistical Analysis

The first step is to provide a general overview of who our respondents are.

Descriptive statistics is how we tell stories about data through simple yet meaningful 
numbers. The first step is to look at Measures of Central Tension to find the "center of grav-
ity" of our data set. The mean provides a general overview of collective values, but it is sen-
sitive to extremes. This is where the Median plays a role as a fair arbiter because it divides 
the data exactly into two parts, while the Mode shows the trend or what is most popular 
among respondents. All three help us understand where the majority of our research sub-
jects fall.

However, knowing the center of the data isn't enough; we also need to know how var-
ied their answers are through Measures of Spread. The range provides a rough idea of the 
distance between the highest and lowest values, but the standard deviation is the real star. 
The standard deviation tells us how far our data "deviates," or is spread out from the mean. 
A small standard deviation means our respondents' answers tend to be uniform and consis-
tent. Conversely, a large standard deviation means there's a wide diversity of opinions. Un-
derstanding this spread ensures we're not just looking at the surface, but also the dynamics 
within the data.

Figure 4: Getty images
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Inferential Statistical Analysis

This is the essence of hypothesis testing to draw conclusions for the population:

In data analysis, inferential statistics is a tool that helps us draw broad conclusions from 
small samples. If our goal is to compare two groups, then the t-test is the right choice. How-
ever, if we are comparing more than two groups, we need to use ANOVA. Imagine we are 
testing the effectiveness of AI in schools; with this comparative test, we can scientifically 
prove whether the difference in grades between traditional and AI-based classes is real or 
just a mere numerical variation.

Beyond comparisons, we might want to see how one variable affects another through 
an associative test. Pearson correlation is used if we simply want to determine the strength 
of the relationship between two variables, for example, between study duration and exam 
scores. However, if we want to go further and predict the future, linear regression is key. With 
regression, we can measure the extent to which changes in one variable accurately predict 
increases or decreases in another variable.

All statistical tests ultimately lead to a single, defining value: the significance value, or p-
value. In academia, the gold standard is p < 0.05. If the value falls below this threshold, we 
can confidently reject the null hypothesis. This means that the findings or effects we observe 
are considered real and statistically significant, not due to chance or luck alone. This small 
number is what gives strength to our dissertation's arguments and final conclusions.

Analysis Software

Woods mentions various tools that can be used according to needs and skill level:

Choosing the right software is like choosing a weapon for a researcher. SPSS remains 
the most popular choice among social science students. Its menu-based interface makes it 
easy to perform a variety of tests, from descriptive statistics to complex regressions, without 
requiring programming skills. For many, SPSS is the industry standard, its output well-known 
and recognized by dissertation examiners.

If your research involves a highly complex model of relationships between variables, 
SmartPLS is the answer. This software is specifically designed for variance-based Structural  
Equation Modeling (SEM) analysis. SmartPLS is highly robust in handling mediation or mod-
eration relationships, even if your sample size is small or the data is not normally distributed. 
Its flowchart-based model visualization makes it easy to systematically explain the logical flow 
of research variables.

However, before we dive into analysis software, we need to familiarize ourselves with 
G*Power.  This tool is often overlooked, yet it plays a crucial role in the early stages of re-
search, helping us calculate the minimum sample size required. With G*Power, we ensure 
that our statistical analysis has sufficient power to detect a significant effect. Using this tool 
demonstrates the maturity of our methodology, as sample size is no longer determined by 
"guesswork" but by precise scientific calculations.

Finally, don't underestimate the power of Excel, which is almost always present on ev-
ery computer. While often considered simple, Excel is actually very capable of quickly pro-
cessing descriptive statistics and basic tests. Excel is the best place to perform initial data 
cleaning, create trend graphs, or calculate averages before transferring the data to more ad-
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vanced software. For less technical analysis needs, Excel is often the most practical and effi-
cient tool we can rely on.

Summary of Implications for Researchers

In compiling a research report (Chapter 4), Part V requires us to:

The first step in presenting research results is to put a face to our numbers by report-
ing Sample Characteristics. Don't just let our respondents be a series of lines on a screen; 
describe their demographics, including age, educational background, and work experience, if 
relevant. By analyzing these profiles, readers can understand the context in which our data 
was collected and assess the extent to which our research findings can be applied to similar 
groups.

After introducing the respondents, we must validate our statistical assumptions to en-
sure the validity of our results. We need to transparently demonstrate that our data meets 
requirements, such as normality tests, before proceeding to deeper analysis. Attach these 
test results as technical evidence that our data is "sound" and worthy of testing. This step is 
crucial because without meeting these assumptions, any conclusions we draw from regres-
sion or t-tests will be deemed methodologically flawed.

When it comes to the core, avoid the trap of simply presenting a rigid table of numbers. 
We must be able to interpret the P-value verbally and meaningfully. Explain in clear language 
whether the number supports or rejects the hypothesis we developed in Chapter II. If the p-
value is <0.05, explain that the effect found is scientifically significant. Numbers are just tools; 
our narrative is what gives life and explains why the relationship between variables occurs.

Finally, reinforce our explanations with engaging and easy-to-digest data visualizations.  
Use bar charts to compare categories or scatter plots to visually demonstrate the direction of 
relationships between variables. Pictures are often more effective than words in revealing 
hidden patterns or trends. The right visualizations not only enhance the presentation of our 
research but also help examiners grasp our key points at a glance.
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7 

Ethics and Scientific Integrity

In quantitative research, the temptation to manipulate numbers to achieve “signifi-
cant” results is great. Therefore, this section focuses on two pillars: protecting human sub-
jects and honesty with data.

Protection of Participants (Human Subjects)

Research should not harm the people who provide us with data.

Research ethics is a bridge of trust between researchers and participants. Its primary 
foundation is informed consent , or agreement after explanation. Here, participants must re-
ceive complete information about the research objectives, the procedures to be undertaken, 
and the potential risks before they agree to participate. Participants must also feel free to 
withdraw at any time without fear of sanctions or consequences.

Beyond consent, maintaining privacy is a profound moral responsibility. We must be 
able to distinguish between anonymity and confidentiality. In anonymity, identity is com-
pletely removed; even we as researchers don't know who is filling out the data, as in an 
anonymous survey. In confidentiality, we may know the respondents, but we professionally 
guarantee that their true identities will never appear in public reports. This data security is a 
sacred promise, ensuring participants feel safe providing honest and truthful information.

Data Integrity and Avoiding Statistical Manipulation

Woods' notes emphasize the importance of avoiding “rogue” practices in data pro-
cessing:

A researcher's integrity is tested not when the data supports their theory, but when it 
contradicts it. One of the greatest temptations is  P-Hacking , the practice of manipulating 
data or repeatedly attempting various statistical tests simply to achieve the magic number p 
< 0.05. Researchers may be tempted to exclude certain respondents or unilaterally change 
variables to make their results appear significant. However, honest science demands that we 
report results as they are; even insignificant results are still valuable scientific findings and 
provide important information for the advancement of science.

Furthermore, we must be wary of HARKing , or changing a hypothesis after the research 
results are known. In sound deductive logic, a hypothesis is a prediction established at the 
outset based on theory, not a "guess" made after observing data patterns. Changing a hy-
pothesis late in the research to pretend we correctly predicted it is a form of intellectual dis-
honesty. By maintaining the original hypothesis, we demonstrate maturity and respect for 
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the objective scientific process, even if the reality on the ground turns out to be different 
from our initial expectations.

Transparency and Reporting

 integrity  is measured not only by the success of their  findings,  but also by their 
courage to acknowledge research limitations. No study is perfect, and acknowledging 
weaknesses—such as limited sample size or flawed instruments—instead increases 
our credibility in the eyes of reviewers. By being honest about these limitations, we 
are making a  valuable  contribution to the future  of  science.  We help  future  re-
searchers avoid repeating the same obstacles and provide a path for them to improve 
the studies we pioneered.

 Furthermore, transparency in the use of tools, including AI and statistical software like 
SPSS or SmartPLS, is an absolute moral imperative. In line with Ross Woods' princi-
ples, we must honestly declare any technology that assists us in processing data or 
constructing narratives. It's important to remember that tools are merely tools; full 
responsibility for the accuracy, validity, and interpretation of the results remains with 
us as researchers. Acknowledging the role of technology demonstrates that we are 
modern, adaptive researchers while maintaining intellectual control over our own 
work.
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Plagiarism and Attribution

Scientific integrity demands acknowledgment of the work of others. Any ideas, theo-
ries, or instruments that are not one's own must be properly cited (attributed) according to 
standards, such as APA format.

Conflict of Interest

Researchers must declare any funding parties who may have an interest in the results. 
Objectivity must be maintained even under pressure from funding parties.

Summary of Implications for Researchers

In compiling the closing section or methodology chapter, we have several obligations:

1. When preparing a research report, formal integrity must be demonstrated through 
strong supporting documentation. We must attach an Ethics Clearance Letter or 

Figure 5: Getty Images
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participant consent form as proof that the research has passed strict moral scrutiny. This 
document is not merely an administrative formality, but rather a guarantee that we have 
respected human rights during the data collection process. By attaching it, we provide 
readers with a sense of security that the data obtained comes from a voluntary and 
well-informed source.

2. Next, we must declare in writing that all data was processed honestly and without any 
manipulation. This is a commitment to keeping our research free from plagiarism, 
fabrication, or falsification, which often tempt researchers to achieve perfect results. 
Intellectual honesty demands that we report the truth as it is, even if the results do not 
align with initial expectations. This statement serves as a seal of trust that our scientific 
work can be held accountable for its authenticity in the eyes of the global academic 
community.

3. Finally, never forget to properly attribute those who have laid the foundation for our 
research. If we use instruments or theories from renowned figures or experts, clearly 
citing them is a sign of professional respect. Providing proper citations not only prevents 
us from being accused of stealing ideas but also demonstrates that we are researchers 
with extensive knowledge of the literature. Acknowledging these sources of inspiration 
strengthens our research's position within the existing scientific landscape.

Summary of the flow of thought in quantitative research according to Woods (2026).  
This flow is the logical navigation that researchers must follow to ensure their research re-
sults are valid and scientifically recognized.

Detailed Analysis of Quantitative Research Thought Flow

In this analysis, we begin with objective theories and problems. This flow emphasizes 
that quantitative research is deductive.

The first step in quantitative research begins with clarity in identifying the problem. The 
problem we address must be objective, meaning the phenomenon can be observed and 
measured numerically. We need to distance ourselves from subjective feelings or opinions to 
ensure our research has a strong and unbiased foundation. By focusing on something mea-
surable, we provide an opportunity for other researchers to verify our findings in the future 
using the same standards.

However, we shouldn't go into the research field empty-handed. Theoretical literature 
serves as a lens that helps us view the problem in a broader context. Theory isn't just a col-
lection of definitions, but rather a pre-existing roadmap for explaining why a phenomenon 
occurs. It's from this theory that we build a solid foundation for making predictions or hy-
potheses, ensuring that every step we take in the field is scientifically sound.

Determine Measurable Variables and Hypotheses

After having a theory, the next step is to narrow the focus through Operationalization.

The most crucial initial step in quantitative research is to clearly dissect the research 
variables. We must be able to distinguish which are the causes ( independent ) and which are 
the effects (dependent ). The problem is, many variables in this world are abstract, such as 
"well-being" or "loyalty." Our task is to operationalize them, that is, to reduce these abstract 
concepts into tangible, measurable indicators.  For example, well-being can be measured 
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through monthly income, while loyalty is measured through the frequency of repeat pur-
chases.

Once the variables are defined, we need to formulate a hypothesis. As a bridge between 
theory and facts on the ground. A hypothesis is not just a random guess, but rather a sharp 
predictive statement rooted in existing theory. This hypothesis must be formulated in such a 
way that it can be statistically tested to prove whether the relationship or influence we sus-
pect is truly real. With a strong hypothesis, we are no longer groping in the dark, but have a 
clear guideline on what we hope to prove through future data collection.

Select Research Design

This is an architectural decision. Researchers must choose the “tool” that best suits the 
hypothesis.

If our primary mission is to definitively prove a cause-and-effect relationship, then an 
experimental design is the way to go. Here, we assume complete control, manipulating one 
variable to observe its impact on another. We must strictly control the research environment 
to ensure that any changes are truly due to the treatment we administer. Without this con-
trol, external factors or confounding variables can intrude and undermine the logic of the 
study, making it impossible to know whether the results are real or merely a technical error.

However, if we simply want to capture an existing phenomenon or simply determine 
whether two things are related, a correlational or survey design is much more appropriate. 
In this design, we act as honest observers without intervening or changing anything in the 
field. We observe naturally occurring phenomena to determine the strength of the relation-
ship between variables. While this design cannot determine who causes what, it is powerful 
in providing a broad picture of behavioral patterns or trends across a large population.

Take a Representative Sample

Quantitative aims for generalization, that is, applying sample results to a wider popu-
lation.

Representativeness is the lifeblood of strong quantitative research. For our research 
results to be credible, the sample we take must truly reflect a small portion of the larger  
population.  Imagine  if  we  wanted  to  capture  student  behavior  across  Indonesia;  we 
couldn't simply collect data from one university in one city. If we did that, our research would 
only represent a local perspective and fail to capture the diverse realities of students in other 
regions, who may face different challenges.

To maintain fairness in data col-
lection, random or random techniques 
are used Probability sampling is crucial. 
This technique ensures that every indi-
vidual in the population has an equal 
chance of being selected as a respon-
dent. This way, we automatically avoid 
selection  bias,  or  "favoritism,"  which 
often  occurs  unconsciously.  When 
samples  are  selected  objectively  and 
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randomly, we have a valid basis for generalizing our findings to the population level with a 
high degree of confidence.

Test Data with Statistics that Fit the Assumptions

At this stage, the collected figures are processed using a statistical "engine".

Before we dare to draw any major conclusions, we must first pass the "gate" of as-
sumption testing. Like constructing a building, assumption testing—such as the normality test
—is a foundation check to ensure everything is solid. If our data doesn't meet these require-
ments but is still processed, the resulting statistics can be biased and highly misleading. En-
suring that the data is correctly distributed is crucial for our statistical models to accurately 
reflect reality without harmful distortions.

Once the assumptions are  met,  our  primary 
focus will  be on the significance value, or  p-value. 
Quantitative reasoning relies heavily on the laws of 
probability; we want to know whether the results of 
our study are truly real or simply a coincidence. If our 
p- value is small (usually below 0.05), it is strong evi-
dence that the relationship or difference we found 
has a solid scientific basis. Conversely, if the number 
is large, we must accept that the phenomenon may 
simply be random and not strong enough to warrant 
a scientific conclusion.

Shutterstock

Report Results with Ethics and Honesty

The final step is not just about writing num-
bers, but about integrity.

In the world of research, honesty is the most valuable currency. Transparency means 
having the courage to report results truthfully, even when our painstakingly developed hy-
potheses turn out to be statistically inaccurate. In quantitative methodology, insignificant 
results are not a failure, but rather an honest scientific finding. They provide important in-
formation to other researchers that certain variables may not influence each other under 
certain conditions, preventing them from repeating the same mistakes.

Beyond transparency, research ethics requires us to be protective of our subjects and 
data. Our integrity is tested by our ability to keep respondents' identities confidential and 
safe from misuse. This also includes a commitment to avoiding unethical practices like  p-
hacking , which involves manipulating numbers or unilaterally discarding data simply to make 
research results  appear "beautiful"  or significant.  Respecting data means respecting the 
truth, as ethically flawed research can never make a real contribution to society.

Conclusion of the Flow of Thought

This systematics forms a closed circle :

1. research is a never-ending cycle, starting with the power of an idea. Theory acts as a 
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compass, providing a big picture of how the world works. From this theory, we generate 
hypotheses, which are intelligent and measurable tentative assumptions. Hypotheses 
are not wild guesses, but rather logical derivatives of the thinking of previous experts, 
now ready to be tested for accuracy in a more specific field.

2. Once a hypothesis is formulated, it's time for the real world to speak through data. Data 
is the objective judge of our research journey. Through a rigorous process of data 
collection and analysis, it will reveal whether our assumptions align with the facts on the 
ground or contradict them. At this stage, researchers must let go of their egos and let 
the numbers and facts tell the story, as data serves no purpose other than uncovering 
the truth.

3. The final results of data analysis then flow back to their source: the theory. If the data 
supports the hypothesis, the initial theory becomes stronger and more robust. However, 
if the data shows otherwise, we have a golden opportunity to revise or refine the 
theory. This is the essence of scientific progress: a continuous process in which old 
theories are continually tested, refined, and deepened to remain relevant to the 
dynamics of the realities we face.

By strictly following this flow, researchers ensure that the claims they make have a 
strong empirical basis and can be academically justified.

In quantitative research, understanding the difference between independent and de-
pendent variables is the most crucial first step. Both are key components that shape our re-
search framework.

1. Independent Variable (Free Variable)

This variable is often symbolized by X. It is a variable that influences , causes, or is the 
cause of changes in other variables. In an experiment, this variable is the one manipulated or 
determined by the researcher.

2. Dependent Variable (Bound Variable)

This variable is often symbolized by Y. It is the variable that is influenced or affected by 
the independent variable. This variable is the primary focus whose changes we want to ob-
serve.

Examples in Research Titles

To make things easier, let's dissect some examples of research titles based on the fields 
we discussed previously:

Example 1: Christian Education Field

Title: "The Influence of Using Bible Cartoon Film Media on Sunday School Students'  
Learning Interest."

 Independent Variable (X): Use of Bible Cartoon Film Media (Because this is what is 
"given" or what influences).

 Dependent Variable (Y): Student Learning Interest (Because this is what "changes" or 
the results of which are measured).
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Example 2: Missiology Field

Title: "The Relationship between the Digital Literacy Level of Evangelists and the Num-
ber of New Soul Conversions on Social Media."

 Independent Variable (X): Digital Literacy Level (Cause).

 Dependent Variable (Y): Number of New Soul Conversions (Result/Outcome).

Example 3: Tolerance Field

Title: "The Impact of the Intensity of Interfaith Meetings on the Inclusive Attitudes of 
Mosque and Church Youth."

 Independent Variable (X): Intensity of Interfaith Meetings.

 Dependent Variable (Y): Inclusivism Attitude (Openness).

Easy Way to Determine It

Use the following logical sentence; “ Does [Variable X] cause a change in [Variable Y]?” 
If the sentence makes sense, then our variable placement is correct.

Difference Summary Table

Feature Independent Variable (X) Dependent Variable (Y)

Role Cause / Stimulus Consequences / Responses

Characteris
tic

Influence Influenced

Objective Measured or manipulated Observed or measured results

Conclusion

Quantitative investigation is essentially not just a technique for collecting numbers, but 
rather a disciplined scientific approach to understanding reality objectively through three 
main supports.

First, the effectiveness of this study is very dependent on the rigor of procedures or 
standardization, where consistency starts from the clear operationalization of variables to the 
use of instruments with high validity and reliability to guarantee the scientific value of the 
data.

Second, based on the paradigm of positivism and deductive logic, investigators act as 
neutral observers who test theories through hypotheses in order to find patterns of cause-
and-effect relationships that are free from personal bias. Third, the main strength of this 
method lies in its generalizability, where the use of appropriate sampling techniques and 
statistical analysis ensures that the results from the sample can be validly applied to a wider 
population.

Therefore, the quality of a quantitative investigation is determined not only by techni-
cal proficiency in controlling statistical software, but also by ethical integrity and deep philo-
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sophical understanding. Investigators are required to maintain objectivity and procedural 
accuracy from start to finish to ensure that study results truly reflect measurable reality.

In conclusion, mastery of the integration between technical, ethical and philosophical 
aspects is the main key in producing credible and meaningful investigations.
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