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Abstract

Research methodologies that correlate acquired measurement data with critical values defin-
ing the null hypothesis, despite their widespread application, remain susceptible to various
inference inaccuracies. The decision to reject or fail to reject the null hypothesis can result in
type I or type II errors, which can undermine the validity of conclusions. A comprehensive
understanding of these errors is crucial for ensuring the accuracy of inferences drawn in social
research. Proper definition and control of variables are essential in minimizing the risk of in-
correct conclusions. Moreover, examining the broader research context, beyond just statistical
probabilities, reveals the potential for additional logical errors (Kimball, 1957). These errors,
classified as type IIT and type IV, have been examined in prior research (Scanlon et al., 1977).
This paper seeks to provide an overview of these error types and their definitions. The study
identifies several causes of these errors in the conducted analysis, including the selection of
statistical methods, the choice of testing area (type III errors), and the neglect of violated as-
sumptions or misinterpretation of interaction effects (type IV errors). The underlying causes
of these errors are traced to the research methodology itself, such as improper operationaliza-
tion, incomplete knowledge of the process under study (type III), and failure to account for
study limitations (type IV). In addition, this paper proposes strategies to minimize the occur-
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rence of type III and type IV errors, emphasizing their potential impact and providing recom-
mendations to mitigate these risks.

Keywords: type III error, type IV error, social research methodology.

Null hypothesis statistical testing

In social sciences, conclusions are derived by applying both quantitative
and qualitative research methodologies (Jézefacka et al., 2023). Despite the
evident distinctions between these approaches, such as sampling techniques
and data collection methods (Marvasti, 2004; Mehrad & Zangeneh, 2019),
their overarching objective remains consistent — to enhance understanding
of the world (Asper & Corte, 2019, p. 145). In recent years, the dominance of
quantitative methods has been increasingly questioned, with mixed-method
research designs gaining prominence as a complementary alternative (Xiong,
2022). Despite this shift, social science studies continue to demonstrate
a strong reliance on quantitative data and its statistical analysis (Habes & Pa-
sha, 2021). This paper focuses on addressing errors commonly associated
with the quantitative approach.

The process of data collection inherently requires researchers to engage in
statistical analysis. The probabilistic framework introduced by Bayes (1763)
has long been used in social science data analysis (Field, 2018). Unlike classi-
cal statistical methods, Bayesian statistics diverts attention from significance
testing, emphasizing probabilistic reasoning as the basis for hypothesis evalu-
ation. While the comparative strengths and limitations of classical and Bayes-
ian approaches lie beyond the scope of this paper, comprehensive discussions
on these topics can be found in works by Krusche (2014), McElreath (2016),
and Field (2018). Despite alternatives in quantitative data analysis, such as the
cited example of Bayes statistics, the classical approach to significance assess-
ment dominates scientific papers. Not without reason that one of the spine ar-
eas of statistics in Field’s (2018) assessment is the letter N, which corresponds
to the null hypothesis significance testing. Furthermore, the application of
a hypothesis-challenging system, combined with an assessment of its prob-
ability of being true, has emerged as a prevalent approach in social studies
to address research questions (Vascha-Haase & Thompson, 2004; Henson,
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2006; Sun, Pan & Wang, 2010). The resulting p-value provides researchers
with an indication of the probability of obtaining a situation that is identical
to that described in the null hypothesis in a sample when the null hypothesis
is true (King & Minium, 2020). A low p-value (less than 0.05) indicates that,
in less than 5% of cases, a sample result may deviate to such an extent from
what is described in the null hypothesis, given that the null hypothesis is
true. Consequently, the significance of the result obtained in the test leads
to the conclusion that the null hypothesis should be rejected. A high p-val-
ue obtained in the analysis (greater than 0.05) indicates that there is a high
probability that the result in the sample does not differ significantly from the
situation described in the null hypothesis (Brzezinski, 2021). At this point, it
should be clarified that the non-significant results obtained in the study can
only be interpreted as a lack of evidence to reject the null hypothesis. Purists
would also point out that the null hypothesis can never be completely false.

The concept of statistical significance and its evaluation in research was
fundamentally shaped by Fisher (1925). This approach consists of several key
stages: first, selecting an appropriate statistical test based on the study’s objec-
tives; second, formulating the null hypothesis; third, calculating the p-value;
and finally, interpreting the result. In the initial presentation of statistical ta-
bles, Fisher employed values of 0.05, 0.02, and 0.01 as reference points (Field,
2018, after Fisher, 1925). Initially regarded as a criterion, the result was sub-
sequently utilized in research, with a recommendation to continue using it,
even when more accurate tables were presented. Presented as a proposition,
Fisher’s levels of significance do not need to be rigid. A low p-value obtained
in the study provides strong evidence against the null hypothesis. The greater
the p-value, the weaker the evidence to reject the null hypothesis (Perezgon-
zalez, 2015). Despite its flexibility and suitability for exploratory research,
Fisher’s approach has sparked debate. Critics have pointed out several issues:
a lack of correction for multivariate comparisons (MacDonald, 1997), sig-
nificant interference from multiple factors (Hubbard, 2004), an absence of
power assessment (Kruskal, 1980), and the lack of an alternative hypothesis
(Gigerenzer, 2004) to explain the results.

The Neyman-Pearson approach, which shares some similarities with
Fisher’s proposal in certain areas, addresses some of the objections raised.
The more mathematical Neyman-Pearson approach also emphasized the
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(a priori) project planning stage. A notable distinction between the two ap-
proaches lies in the formulation of hypotheses: the Neyman-Pearson ap-
proach involves formulating two hypotheses: the null and the alternative.
While statistical data analysis still provides evidence for rejecting the null
hypothesis, as in Fisher’s approach, it also offers additional insight into the
results through the alternative hypothesis. The criticism of the weak statisti-
cal and mathematical foundations of inference in the Fisher model has found
many solutions in the Neyman-Pearson model (Pérez-Gonzalez, 2015). In-
deed, it was proposed that the effect size expected in the population under
the alternative hypothesis should be accounted for during the planning stage
of a study. The construct proposed by Neyman and Pearson (1928a) and
subsequently developed by Cohen (1988) was intended to account for the
magnitude of the relationship between the constructs the study was designed
to confirm (detect). Furthermore, Neyman and Pearson indicated that the
statistical test's power to detect a given effect should be determined at the
study’s planning stage. It was emphasized that hypotheses should be clearly
formulated, the required sample size to detect a specified effect should be de-
termined, and the critical values for the statistical test should be established
as part of planning the study.

The necessity to specify the power of the test, the sample size, and the ef-
fect prior to analyzing the hypotheses enabled control of type I and type II
errors, a more extensive description of which is presented later in this pa-
per. Neyman and Pearson’s approach reduced several problems by becom-
ing a more accurate and deductive approach. However, it has not escaped
criticism directed at the approach being less flexible. It is not always possible,
especially in exploratory studies, to plan studies that estimate, for example,
population effect sizes (Perezgonzalez, 2015).

Type | and Il errors

Nevertheless, the decision to reject or not to reject the null hypothesis is one
of the most pivotal aspects of the statistical analysis, with ramifications for
subsequent conclusions. This determination is based on the alpha and beta
values, also known as the probabilities of errors of the first and second type.
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They represent situations where an inaccurate decision is made regarding the
acceptance (or rather failure to reject being fully correct) or rejection of the
null hypothesis.

Null hypothesis
Decision
False True
Reject Iypel
€rror
No reject Cpectll

error

Graph 1. Type I and Il errors in addiction to null hypothesis reject decision

Source: Brzezinski, 2021, p. 208.

It is evident that rejecting the null hypothesis when it is false and fail-
ing to reject it when it is true are well-founded and appropriate decisions, as
demonstrated in Graph 1. It follows that an approach based on the results of
a given study can be considered to be correct and thus can facilitate the gen-
eration of valid and accurate conclusions.

Rejecting a true null hypothesis

The research situation in which the true null hypothesis is rejected, if referred
to as a type I error. Subsequent inference about correlations or differences
in the population may be compromised and incorrect. The probability of
a type I error is used by researchers to offset the risk of this error. A common
threshold for alpha is set to 0.05, meaning that researchers typically accept
a 5% chance of committing a type I error, although its selection was quite
random. Both Fisher and Neyman-Pearson approaches provided a choice in
alpha values for researchers and similarly related the statistical test results
obtained to a type I error (Perezgonzalez, 2015). A p-value equal or less than
alpha is considered statistically significant, and it indicates the rejection of
the null hypothesis (Field, 2018). Otherwise, type I errors may occur.
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Failing to reject a false null hypothesis

Not rejecting a false null hypothesis is described as a type II error. Detect-
ing and indicating that a hypothesis is in fact false requires that the test and
the selected statistical method possess the required “capability” referred to
as a test power. The greater the statistical test's power, the greater the prob-
ability of the detection of existing differences or correlations (Field, 2018). As
the statistical power of a test increases, the probability of committing a false
positive (i.e., a type II error) declines. This relationship can be represented
as follows: 1-test power = beta (Ioannidis, 2005). In empirical research, con-
sidering Neyman-Pearson approach, the value of test power and associated
type II error are determined by a number of factors:

a)

b)

d)
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The magnitude of the effect that the study is attempting to demon-
strate. Stronger effects are more readily discernible.

Significance level in the analysis. As the threshold for identifying a sig-
nificant result becomes increasingly restrictive, the power of the test
diminishes. A more rigorous approach in evaluating significance, cou-
pled with tighter constraints on the alpha level, decreases the likeli-
hood of characterizing an effect as significant (Ioannidis, 2005). An
unjustified reduction in the alpha level (the probability of the first type
of error) also increases the probability of committing the second type
of error - rejecting the null hypothesis in the absence of an effect.
Number of observations. The introduction of additional data results
in a reduced level of measurement error, which facilitates the identi-
fication of the effect. Filed (2018) draws a parallel between the indi-
cated test power factor and the number of observations, comparing
them with radio. The calculated statistics can be described as a signal-
to-noise ratio, whereby a larger sample results in a lower level of noise
(measurement error), thus facilitating the observation of a stronger
signal (effect).

Type of statistical test. Compared to non-parametric tests, parametric
tests possess greater statistical power (Perezgonzalez, 2015). Selecting
a one-tailed test for a directional hypothesis enhances statistical pow-
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er and reduces type II errors. Consequently, planned comparisons and
a priori approaches have an advantage over omnibus tests and post hoc
analyses due to their greater statistical power.

e) Distribution of the variable. Unsourced variance in the research design
can result in difficulties in achieving a normal distribution. An uncon-
trolled increase in measurement variance can diminish the power of
the test, leading to a larger type II error (King & Minium, 2020). The
failure to adequately assess the distribution of results can also lead to
an erroneous selection of statistical tests, thereby increasing the risk of
type II error (Uttley, 2019).

Researchers and students are frequently well acquainted with both
type I and II errors. Awareness of the risks associated with both types of errors,
and the use of contemporary data analysis methods make it more challenging
for them to occur. Despite the notable attention devoted to the prevention of
these errors (especially of the first type), the research produced, and the con-
clusions drawn may still be susceptible to other forms of shortcomings.

Type Ill and IV errors

Kimball identified issues that extended beyond the scope of a straightfor-
ward evaluation of the null hypothesis in his work as early as 1957, defining
these as errors of the third and fourth types. The occurrence of these errors is
contingent on the research question posed in the study and the resulting con-
clusions. As illustrated in Graph 2, a study that poses an erroneous research
question and presents an incorrect answer is a clear indication of a lack of
quality in the research paper. This ultimately precludes the ability to draw
reasonable conclusions. Nevertheless, when the study contains a correctly de-
signed question and presents an appropriate answer to that question, errors
of type III and IV are avoided. At the same time, this allows a discussion to
commence about the decision to reject or not to the null hypothesis. Conse-
quently, providing a correct question or a suitable response does not negate
the possibility of errors of types I and II (Tate, 2022).
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Research question
Conclusion
Incorrect Correct

Type IV
error

Incorrect

Type 111
error

Correct

Graph 2. Type lll and IV errors in addiction to research question and given conclusion

Source: Author’s research.

The definition presented by Kimball (1957) describes an error of type III.
It occurs when the correct answer is presented to a poorly posed question.
Conversely, a study where the incorrect answer is formulated to a well-posed
question is described by the author as a type IV error. Mostly attributable
to the survey methodology and data analysis, type I and type II errors can
be distinct from those of type III and type IV, which originate from sta-
tistics and research design. Errors in the implementation and evaluation
of research conclusions stem from logical fallacies. When evaluating the
correctness of formulated arguments in a discussion, the logician also de-
scribes logical fallacies committed by the participants. A correct conclusion
is guarded against formal and material errors. Material errors are defined
as inadequacies of the conclusion (Kublikowski, 2011) and occur when the
definition is either too narrow or too broad. Similarly, inadequate inferences
may occur preceded by a false premise (Suchon, 2005). Inadequacy may
arise in operationalizing variables, defining study areas, and selecting appro-
priate data analysis methods. Such inadequacies may arise from inconsisten-
cies between the defined variable and the instrument used to measure it, or
between the purpose of the study and the chosen method of data analysis.
As inconsistency increases, the inadequacy of the research question and the
posed conclusion exacerbates implementation problem, the type III error.
Formal, translational errors in deductive reasoning occur due to an absence
of connection between the premise and the thesis, often indicated by a lack
of logical implication (Suchon, 2005). This lack of relationship could result
from a failure to take into account the study limitations, an attempt to over-
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estimate its conclusions, or poor data evaluation methods. Hasty conclu-
sions regarding cause-and-effect relationships, which overlook the limita-
tions of the research design, as well as erroneous decisions pertaining to data
analysis process, can result in challenges related to the translatability of the
study and its evaluation, a type IV error.

It is important to note that the logical fallacies outlined in this study are
not exhaustive or exclusive. A more comprehensive classification and illus-
tration of logical fallacies can be found in the works of Kaminski (1962) and
Suchon (2005). The primary objective of this paper is to underscore the fact
that enduring obstacles to sound conclusions, including scientific ones, in
logic can impose severe limitations on research. The potential causes and
consequences of these errors are discussed in detail later in the paper.

Correct answer incorrect question

A type III error can arise when the analysis and conclusions fail to meet the
objective of the research (Tate, 2022). Asking the wrong question may be re-
lated to the methodology used and the statistical analysis presented. Incor-
rect operationalization (Tate, 2022) and a lack of complete knowledge of the
process under study (Mohajan, 2017) are among the methodological causes of
the third type of error. The first mentioned aspect of operationalization can be
understood as a series of activities that aim to translate the theoretical defini-
tion of a domain into a set of ones and zeros in a database. These activities lead
to the selection of measurement tools, focusing on the selection of appropri-
ate definitions and concepts derived from the adopted paradigm. A poorly
defined conceptual apparatus and an inappropriate choice of measurement
methods can be an obstacle to the achievement of the stated objectives (Tate,
2022). Inadequate knowledge of the process under study can be a second
methodological problem leading to type III errors. The formulation of a cor-
rect question requires the researcher to carefully evaluate and analyze the the-
oretical problem that the study is intended to measure and describe. Failing to
fully understand the question may result in omitting factors important to the
model/process, leading to conclusions that may be useless (Mohajan, 2017).
Conversely, it is not always feasible to obtain and present all previous scientific
reports on a given subject, especially in the case of exploratory studies.
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Statistical reasons for making type III errors in research papers can be
found in the choice of methods for analyzing data (Kimball, 1957) and in the
statistical area of hypothesis testing (Shaffer, 2002). An incorrectly formulated
research question may be reflected in a poor choice of methods for the analy-
sis of the data. The formulation of a question that focuses on differences and
the preparation of a correlation analysis in response, or the use of an analysis
method for independent data in a repeated measures testing situation, can
lead to a type III error. Although the correct answer is found and the results
interpreted accurately, the conclusions pertain to an area different from the
study’s original aim. The choice of one-sided or two-sided statistical testing
may also result in a mismatch between the research question and the aim of the
study. Two-sided testing (or its accumulation in post hoc evaluation of pair-
wise comparisons) can be an abuse in a situation with a research aim requiring
specific comparisons, leading to formulating the wrong (too broad) question.
Mosteller’s (1948 after: Levin & Marasculio, 1970) proposal for defining the
third type of error is that it occurs when the null hypothesis is rightly rejected
but for the wrong reason. This may have been caused by the incorrect selec-
tion of the data analysis method and the study area (Kaiser, 1966).

The further the study design and subsequent data analysis stray from
the aim of the study, the greater the risk of a type III error, which is a good
answer to a poorly described question. Failure to consider this type of risk in
a study can result in an internally inconsistent study. As a result, conclusions
drawn in the context of the objective may not be feasible (Scanlon et al.,
1977; Shwartz & Carpenter, 1999). The occurrence of an error (type III)
in operationalizing concepts and understanding the research process, or in
choosing data analysis methods and the scope of testing those methods, can
result in a correct answer related to the null hypothesis, but for the wrong
reason (Mohajan, 2017). Marasculio and Levin (1970) compare this error
to the correct conclusion that fails to achieve the objective set in the thesis.

Incorrect answer correct question

A type IV error in a survey can occur when the results are correctly inter-
preted but lead to erroneous conclusions (Mohajan, 2017). The incorrect
answer in a paper can originate from the survey methodology or statistical
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analysis. The problems leading to the type IV error can be identified in the
research methodology or its limitations. It is possible for a well-posed re-
search question to receive an incorrectly formulated answer if the results are
misinterpreted without considering the limitations of the research design.
Such errors result from drawing hasty conclusions regarding the influence
of variables and causal interaction based on correlation or difference results
without using an appropriate experimental design. In addition, Yamatani and
Mann (2013) observe that type IV error may also occur when a paper draws
inconsequential and simplistic conclusions, thereby overlooking significant
and pivotal findings.

The reasons for providing an incorrect response in a statistical context
may include neglect of violations of the statistical test assumptions (Tate,
2022) and the misinterpretation of the interactions (Umesh et al., 1996). As
Tate (2022) highlighted, a flawed answer or erroneous conclusion can result
from a failure to verify the assumptions underlying the chosen statistical ap-
proach. The inclusion of outlier cases, the lack of homogeneity of variance,
or other factors can lead to inaccurate estimate of the results. In such in-
stances, it is essential to utilize appropriate statistical tests, often employing
non-parametric ones. In examining the interaction aspect of factors, Umesh
and colleagues (1996) highlighted in their paper that the mean comparison
approach employed in the analysis does not correspond with an assessment
of statistical interactions.

The assessment of pairwise comparisons of all averages may result in
a type IV error if neither the interaction effects value nor the direction of the
research question is considered. Post-hoc assessment or analysis of planned
comparisons without reference to the purpose of the study and the direction
of the question may also result in erroneous conclusions. Marasculio and Lev-
in (1970) even suggested that the significance of differences between groups
in measurement does not necessarily result in a significant interaction effect.

The consequence of a type IV error in the evaluation of assumptions, ap-
praisal of consequences, or a misguided attempt at establishing a causal link
in the absence of substantiated evidence can result in an inaccurate interpre-
tation of a valid null hypothesis (Mohajan, 2017). As Marasculio and Levin
(1970, p. 398) aptly observed, this can be likened to a correct diagnosis fol-
lowed by the prescription of an incorrect treatment.
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Conclusion

As noted by Tate (2022), errors of type III (in implementation) and type IV
(in evaluation) are discernible in social research papers. The formulation
of an accurate research question and a detailed description of the research
problem necessitate a comprehensive examination of the existing body of lit-
erature and the current state of knowledge in the field under investigation.
The theory that gives rise to the research problem must be presented to the
practitioners who will be the beneficiaries of the findings, as proposed by
Scanlon et al. (1977). In order to facilitate this, the research team should also
draw on the experience of practitioners in the context of the psychoeducation
methods used, diagnosis, therapy, or other aspects it intends to cover. This
approach will enable the operationalization of concepts and the selection of
measurement methods with appropriate psychometric properties and poten-
tial for practical application. A thorough grasp of the subject matter is also
conducive to understanding its intricacies. The incorporation of variables,
circumstances, and the interplay between them - conditions or interactions
that are readily apparent to seasoned practitioners, as well as to those they
serve — can be facilitated (Kimball 1957; Scanlon et al., 1977).

A research question formulated in this way must consider the testing area.
In line with Cohen (1990, after: Umesh et al., 1996), a research question should
include specific variables that indicate, prior to the study, whether univari-
ate (directional analyses) or bivariate (non-directional analyses) comparisons
are required. It is also essential that the research question clearly directs the
specific type of analysis to be carried out. The construction of a subsequent
correlation or difference analysis must follow directly from the content of the
research question. Even identical data analysis methods, such as regression
analysis, can yield different results based on the research questions and design.
The inclusion of relevant concepts and indicators in the research, along with
an understanding of the relationships between them, allows the researcher to
construct the correct research question. Selecting data analysis methods ap-
propriate to the research question will facilitate achieving the study objective.
A consideration of the aforementioned factors will enhance the implementa-
tion of the conclusions and findings derived from the study.
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A correct conclusion in any study can only be reached if the limitations
of the resulting research plan have been taken into account. Over-general-
ization, caused by an unrepresentative sample, causal inference without an
experimental design, or other smaller research failures, is not unusual. It is
not always possible to eliminate such errors entirely. However, reflecting on
these limitations and incorporating them into the conclusions can help en-
sure that the author does not misinterpret the research problem or reach an
incorrect conclusion.

It is also important to consider problems with the analyzed data, which
will help improve the quality of inferences. Addressing issues related to outli-
ers, homogeneity, and other assumptions (Tate, 2022) and selecting an ap-
propriate statistical method (often non-parametric tests) minimizes the risk
of formulating an incorrect answer. Furthermore, data and results must not
be evaluated carelessly, especially regarding interaction effects. Entirely dif-
ferent conclusions may result from using the omnibus F test compared to
those from comparing group means (Umesh et al., 1996). Neither method is
inferior nor suited to different research questions, leading to different con-
clusions. Awareness of methodology limitations and accurate evaluation of
statistical assumptions can help develop a well-founded response to the re-
search question, thereby ensuring the appropriate assessment of the key as-
pects discussed in the study.

Tate (2022) posits that efforts to reduce type III and type IV errors in
research will facilitate greater reproducibility. It is possible to achieve greater
uniformity in research methods in order to minimize the risk of type III er-
ror. The application of consistent statistical methods will result in a reduction
in the occurrence of type IV error.
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