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Summary

Psychology is currently facing a substantial credibility crisis and restoring trust in the
field necessitates the adoption of rigorous research practices and transparency (loan-
nidis, 2005). This issue relates to the formalization of hypotheses and associated pre-
planned statistical analysis and the interpretation of findings resulting respectively in
the theory crisis and the replication findings. It is advisable for researchers to address
issues related to theory building and replicability, as these problems undermine the
credibility of scientific evidence. One approach to addressing these issues is through
the introduction and widespread adoption of more appropriate research practices to
restore the trust and reliability essential for fields like psychology, where the ultimate
goal is to improve people’s lives. Accordingly, we explored potential remedies to these
challenges, emphasizing research practices that have recently been identified as crucial
for advancement in psychological research: the development of appropriate statisti-
cal models based on theoretical considerations (Fried, 2020) and the pursuit of more
theoretically meaningful interpretations of effect sizes (Anvari & Lakens, 2021).

This dissertation begins by outlining the crises currently impacting psychological
research, examining their root causes and suggesting how developing sound statistical
models and simulations prior to empirical testing - along with more rigorous interpre-
tations of key research parameters, such as the effect size - may offer effective remedies.
Chapter Two will focus on the concept of effect size, providing a formal definition,

describing various methods for its calculation and highlighting the limitations of one



of its most widely used indices, Cohen’s d. Chapter Three introduces the specific sce-
nario in which we aim to apply the proposed framework, which we hope will encourage
researchers to adopt more robust research practices. This framework is designed to
guide researchers in conceptualizing and modeling effect sizes, as well as conducting
simulations prior to data collection. The framework will be implemented within the
simulations of different scenarios in Chapter Four, followed by application to a real case

study in Chapter Five.

This thesis was written in R markdown.






Chapter 1

Crises in psychology

“If statisticians agree on one thing, it is that scientific inference should not be

made mechanically.”

— Gigerenzer and Marewski, 2015, p. 422

In this dissertation, we begin by outlining the crises currently affecting psychological
research. After providing definitions and a discussion of their underlying causes, we il-
lustrate how the theory and replication crises may be addressed by improving particular
research practices. Specifically, we will explain how the use of models and simulations
prior to testing, along with more meaningful interpretations of key parameters in psy-
chological research - such as the effect size - represent the improvements we aim to

address with the framework proposed in this thesis.

1.1 Crises within confirmatory research

Psychology is a challenging discipline. Empirical data are noisy, formal theory is scarce,
and the processes of interest (e.g., attention, jealousy, loss aversion) cannot be observed
directly. Nevertheless, psychologists have managed to generate many key insights about

human cognition and behavior (Wagenmakers et al., 2012). Nevertheless, several years
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ago, loannidis (2005) famously argued that “most published research findings are false”
(p. 696) and psychology is not immune to this accusation. The consequences of crises
that have been documented for more than half a century have now become so relevant
that they can no longer be overlooked. Given that these crises pertain to scientific
modes of investigation, it has become imperative to address the issue with urgency.

The scientific practices impacted by these crises include both exploratory and con-
firmatory research methodologies. By way of definition, exploratory research is about
free and flexible examination of a dataset without predetermined notions, with the goal
of detecting patterns and associations that may eventually lead to the generation of
new hypotheses. In contrast, confirmatory research attempts to evaluate a clear hy-
pothesis that may or may not be confirmed by the data collected (Kimmelman et al.,
2014). In confirmatory studies, researchers must pre-plan and formalize hypotheses and
consequently test them (Wagenmakers et al., 2012).

Although scientists often think of experiments in the context of confirmation,
philosophers of science have emphasized the role of exploratory experiments in theory
development. In exploratory experiments, researchers vary a large number of param-
eters without a priori predictions of their effects (although some prior knowledge of
plausible parameters is necessary), look for stable empirical patterns and infer rules
from these patterns (Scheel et al., 2021). For example, exploratory experimentation is
widely used in psychophysics to establish law-like relationships. By focusing primarily
on confirmatory research and jumping straight to the hypothesis test, psychologists too
often neglect the groundwork that is necessary to ensure a sound link between the test
and the tested theory (Scheel et al., 2021). The most crucial aspect is to maintain trans-
parency, clarity and rigor regarding the type of analysis conducted, thereby ensuring
academic integrity. There is no issue with exploratory analysis, provided it is explicitly
acknowledged as such (Wagenmakers et al., 2012). Both exploratory and confirmatory

research hold substantial value in scientific inquiry and are most effective when used
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in conjunction, with exploratory research informing subsequent confirmatory studies.
Accordingly, we state that a confirmatory study has been chosen for this work, which
will be presented in the fifth chapter.

The three main aspects of confirmatory research are
1. formalization of hypotheses and associated pre-planned statistical analysis;
2. operationalization of the variables of interest;
3. interpretation of (statistical) findings.

Each of these aspects is accompanied by evidence of a crisis. These crises are not novel,
as numerous articles - dating back to the 1950s (e.g., Meehl, 1967) - have been published
on the subject, even though with limited impact on the scientific community. In the
following sections of this paragraph, we will provide a more in-depth analysis of these
crises and their underlying causes, with particular emphasis on the crisis associated
with the first aspect, namely the theory crisis, and the crisis related to the third aspect,

commonly referred to as the replication crisis.

1.1.1 Theory crisis: definition and causes

Meehl argued in 1978 that theories in psychology come and go, with little cumulative
progress (Meehl, 1978). This assessment still holds, as also evidenced by increasingly
common claims that psychology is facing a “theory crisis” (Eronen & Bringmann, 2021).
According to this claim, psychological theories are in general of poor quality and the
focus in psychology should shift more toward developing better theories instead of (just)
improving statistical techniques and practices and performing more replication studies.
Stated otherwise, psychologists should invest more in theory building.

The main factors that cause this crisis are the widespread amount of vague and
not testable theories, the lack of mathematical formalization of hypotheses and the

mismatch between theoretical and statistical models: it is common to observe inade-
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quate formalization of theoretical models and frequently statistical models that fail to
adequately test researchers’ hypotheses. All these malpractices can be attributed to
the common issue of researchers failing to fully commit to a pre-specified analysis plan
prior to examining the data. This approach increases the likelihood that the reported

findings are fictional and, consequently, non-replicable (Wagenmakers et al., 2012).

1.1.2 Replication crisis: definition and causes

It is universally acknowledged that reproducibility and replicability are fundamental
characteristics of scientific studies. However, many scientists often use these terms in-
terchangeably, yet, it is useful and essential to understand the distinction. Patil et al.
(2016) provide informal definitions for these key scientific terms. Replicability refers to
re-performing the experiment and collecting new data, whereas reproducibility refers
to re-performing the same analysis with the same code using a different analyst. Repli-
cability crisis started examining psychological papers and noticing that most current
published research findings are false, because sometimes refuted by subsequent evi-
dence, with ensuing confusion and disappointment (loannidis, 2005). Serious worries
have been voiced concerning a “replicability crisis” in many biomedical as well as social
sciences; this crisis of confidence is fueled by the observation that numerous established
findings may correspond to false positives that cannot be reproduced (Gall et al., 2017).

The replicability crisis has uncovered a number of problematic issues, including the
adoption of questionable research practices. According to Banks et al. (2016), ques-
tionable research practices are defined as “design, analytic, or reporting practices that
have been questioned because of the potential for the practice to be employed with the
purpose of presenting biased evidence in favor of an assertion” (p. 3). These practices
are largely responsible for provoking a broader distrust in scientific evidence, contribut-
ing to what is commonly referred to as the credibility crisis. Credibility crisis indicates

the lack of confidence in results that characterizes research, especially in the fields of
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social and biomedical sciences (Gall et al., 2017). This distrust is fueled by substantial
evidence showing that many research studies fail to produce replicable results. Replica-
bility is crucial for building confidence and credibility in science. However, over the past
two decades, the field of psychological science has faced an unprecedented replicability
crisis, which has significantly undermined the foundations of trust in scientific findings.
(Aarts et al., 2015).

Some of the potential reasons for mistrust and credibility crisis consist in flawed
practices including bending the data to produce publishable outcomes, misusing statis-
tical tools and failing to bring justification when necessary, and using invalid measure-
ments. One of the key aspects of the crisis that this thesis will address pertains to the
calculation, use and interpretation of the effect size, given its relevance in the social
sciences, particularly within psychological research. Effect size is a quantitative mea-
sure that describes the strength of a phenomenon and reflects its practical or clinical
significance (Lakens, 2022). Given its importance, it is crucial to address and improve
the malpractices associated with it. Calculating and reporting an observed effect size
is merely the first step in the process; while necessary, it is not sufficient on its own.
Some studies report effect sizes that are either too small - an issue that partly arises
from the misguided belief that psychological phenomena are driven by many small,
additive effects (Primbs et al., 2023) - or too large to be meaningful. Consequently,
these effect sizes often turn out to be too small to replicate or too large to plausibly be
attributed to the proposed theoretical mechanisms (Hilgard, 2021). On the contrary, it
is often desirable to be able to conclude that the effect size in one study is larger than
a minimally important difference and matters in practice (Otgaar et al., 2022). This
issue arises because researchers often consider effect sizes only at the end of their study,
leading to superficial or meaningless interpretations after analyzing the data. In short,
these poor interpretations contribute to reporting effect sizes that are not replicable,

which substantially exacerbates the credibility crisis.
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In 1962, Cohen highlighted a persistent issue in psychological research that re-
mains relevant today (Cohen, 1962). Researchers appeared to overlook the statistical
power of their studies, which refers to the probability of correctly rejecting the null
hypothesis given the presence of a true experimental effect in the population. As a
result, underpowered studies became increasingly prevalent, thereby contaminating the
published literature in psychology. Underpowered studies not only contribute to a con-
fusing body of literature but also result in biased estimates of effect sizes. Moreover,
researchers may have felt little incentive to enhance the power of their studies, as the
practice of testing multiple hypotheses - now a common approach - often provided a
reasonable likelihood of obtaining at least one statistically significant result (Maxwell,
2004).

Overall, a lack of thorough understanding of these issues will lead to the continued
repetition of these flawed practices, ultimately undermining the reliability of scientific

conclusions.

1.2 Possible remedies

In the previous section, we discussed the negative impacts of the credibility crisis and
the practices contributing to it. In this section, we will focus on more practical ways
to prevent the impact of these practices on scientific literature and public trust. One
pertinent question is whether it is inevitable that most research findings are erroneous
or if there are ways to improve the situation. A considerable challenge is the inherent
impossibility of achieving absolute certainty regarding the truth of any research ques-
tion. In this context, the ideal “gold standard” remains unattainable. Nevertheless,

several strategies exist to enhance the reliability of research findings (Ioannidis, 2005).
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1.2.1 Thinking (and modeling) before testing

A disconcerting reality that undermines the foundation of academic psychology is that,
with few exceptions, psychologists often do not commit to a method of data analysis
prior to examining the actual data. This lack of pre-commitment creates an inclination
to adjust the analysis in response to the data in order to achieve a desired result. Such
practices compromise the validity of the interpretation of commonly used statistical
tests (Wagenmakers et al., 2012). As Cummins stated: “In psychology, we are over-
whelmed with things to explain, and somewhat underwhelmed by things to explain
them with” (Cummins, 2000, p. 120). Sometimes, research suffers from poor theoret-
ical model formalization and the inappropriate use of statistical models in hypothesis
testing. The relevance of these mechanisms can vary depending on the context and the
phenomena being studied (Anvari et al., 2023). Conversely, well-designed models may
be statistically sound but fail to offer meaningful insights or explanations, making them
practically useless. Therefore, aligning theoretical models with appropriate statistical
methods is essential for effectively testing theories. A renewed emphasis on theoret-
ical psychology and the formalization of theories can provide a path forward (Fried,
2020). To effectively connect theories to data, it is essential to use statistical models
that align with the theoretical assumptions. Selecting an appropriate statistical model
that matches the assumptions of the theory is crucial for accurately applying data to
theoretical constructs. This alignment can be achieved only if experts in the relevant
field and statisticians collaborate from the outset, prior to data collection. Such early
collaboration offers a valid opportunity to improve the situation and address the theory
crisis.

Considering methodological issues during the experimental design phase is insuffi-
cient. Researchers must also ensure transparency in their procedures to contribute to

scientific progress within an open science framework, an approach widely recognized as
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one of the most effective remedies for addressing the credibility crisis. Open science is an
umbrella term referring to a variety of practices and principles to ensure transparency,
credibility, reproducibility, and accessibility.

A potential tool that addresses certain aspects of transparency is preregistration,
which refers to a dated document containing research questions, the hypotheses, the
method and the analysis plan that is published before data collection (Ummul-Kiram
et al., 2021). While preregistration can reduce the likelihood of false findings and is
considered essential for a study to be classified as a confirmatory study (Wagenmakers
et al., 2012), some researchers have found ways to circumvent its integrity. This is
done by referencing the preregistration in their final reports only when the results are
significant, while disregarding it altogether if the outcomes are not. A more robust
alternative is the use of Registered Reports, which follow the process outlined in figure
1.1. Registered Reports are a publishing format that prioritizes the research question
and methodological rigor by subjecting the study to peer review before data collection.
High-quality protocols are provisionally accepted for publication, provided the authors
adhere to the registered methodology. Since studies are accepted in advance, this
practice effectively shifts incentive structures, promoting replication efforts and the

reporting of results regardless of their statistical significance (Nosek & Lakens, 2016).

DEVELOP COLLECT & WRITE PUBLISH

ANALYZE
IDEA BATA REPORT REPORT

Stage 1
Peer Review

Stage 2
Peer Review

Figure 1.1: Procedure for conducting Registered Reports, emphasizing the inclusion of peer review
prior to data collection and results. This illustration is taken from Center for Open Science, (n.d.),
Registered reports, https://www.cos.io/initiatives/registered-reports
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1.2.2 Meaningful interpretations of the effect size

Scientific progress in quantitative psychology relies on our ability to derive meaningful
statistical inferences from empirical data. For over a century, researchers have empha-
sized the importance of not only interpreting the statistical significance of effects but
also assessing their practical significance (Boring, 1919). Therefore, it is crucial to focus
on effect size and its meaningful interpretation. As Pek & Flora (2018) highlight, “the
meaningful interpretation of reported effect sizes is the essence of what contributes to
our science” (p. 221), while, in practice, the meaningful interpretation of effect sizes is
often lacking in psychology.

We will now examine three primary approaches to effect size that can serve as reme-
dies for the replicability crisis. Firstly, determining a priori the effect size large enough
to be practically meaningful (namely the Smallest Effect Size of Interest - SESOI) (An-
vari & Lakens, 2021), as well as thinking about the expected effect size in general,
can improve the credibility of research to a reasonable extent because it provides the
possibility to design falsifiable studies (Anvari & Lakens, 2021), which is a fundamental
characteristic of replicability. Secondly, effect sizes from previous studies can be used,
together with required significance level and statistical power, when planning a new
study in an a-priori power analysis (Lakens, 2022), that is to say the calculation used
to estimate the smallest sample size needed for an experiment before collecting the
data. Finally, since in very large samples p-values tend to approach zero rapidly, rely-
ing solely on p-values can lead researchers to erroneously claim support for results that
lack practical significance (Lin et al., 2013), potentially due to biased research practices.
Therefore, it is increasingly important for researchers to assess whether observed effects
are theoretically or practically significant. This practice helps to prevent the common
misinterpretation of ‘statistical significance’ as ‘practical significance,” given the rise of

big data and the uptake of large-scale collaborative projects (Anvari & Lakens, 2021).
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A key aspect shared by these remedies consists in the emphasis on addressing effect
sizes from the outset of the study, rather than only considering them during the analysis
of collected data. Incorporating effect sizes into the study design enables researchers to
formulate predictions that, particularly when simulated, can lead to more meaningful
interpretations of the results derived from data analysis.

Furthermore, improvements in the field of effect sizes can be achieved by addressing
the statistical power of studies. As previously noted, underpowered studies are preva-
lent and one key issue with such studies is that the probability of detecting an effect,
should it exist, is low. More critically, if a statistically significant result is obtained
in an underpowered study, the effect size associated with the observed p-value may be
disproportionately large or “too big to be true” (Altoe et al., 2020). This highlights the
close interrelationship between statistical power and effect size, underscoring the need
for a framework that addresses both issues. For psychology to continue building a co-
herent and reliable body of scientific literature, it is essential to place greater emphasis

on the role of power in study design and result interpretation.

1.3 Proposed framework

Given the pressing issues currently impacting research progress, particularly within
psychology, a crucial next step is to consider effect size not merely as a numerical value
but in the context of how it can be integrated into a theoretical model. Researchers
should explicitly model the predicted effect of the independent variable on the depen-
dent variable and test this model through their hypotheses. This approach would, for
example, help prevent the identification of effect sizes that are implausibly large, as
noted by Hilgard (2021). Furthermore, we can enhance our study by conducting a
computer simulation prior to any data collection, as recommended by Gelman (2024).

This approach not only reveals designs that may be too noisy to detect main effects or
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interactions of interest but also sharpens our focus by requiring us to make informed
assumptions about the structure and magnitude of effects. Simulations can ensure that
our measurements effectively address the underlying construct of interest and that our
experimental design considers realistic effect sizes (Gelman, 2024). An important fea-
ture to incorporate into simulations could be the provision of graphical representations
of the simulated outcomes. This allows researchers to visually examine the effects under
study, facilitating reflection on the results. Additionally, after completing the analysis
of real data, researchers can compare the simulated results with the actual outcomes,
aiding in the interpretation by providing a visual context for the phenomena rather
than relying solely on numerical values.

Confirmatory research should be conducted according to the following steps:
1. based on theory, formulate and formalize hypotheses;
2. identify the relevant variables and how to measure them;
3. plan the research design, sample size and statistical analysis;
4. conduct a computer simulation and calculate the statistical power;
5. collect data;
6. test the hypotheses;
7. interpret and share results.

This process includes, as its initial step, the implementation of all aforementioned
considerations. As Tukey (1987) aptly remarked, “Finding the question is often more
important than finding the answer” (p. 511). This statement underscores the critical
importance of the study design phase. It is therefore advisable to include expected
effect sizes in this initial stage. Thoroughly considering and modeling effect sizes at
this early stage together with preceding any data collection with a computer simulation
is essential for ensuring that hypotheses are falsifiable and for adhering to best practices

in research.
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Integrating these two aspects would significantly enhance research in psychology.
By proactively considering effect sizes and modeling them before testing their data,
quantitative psychologists can design more informative and efficient studies. Moreover,
simulations can assist researchers in critically reflecting on their intended data analysis
before the actual data collection occurs and, by incorporating visual representations
into the simulations, achieving more meaningful interpretations of the study’s results.
This whole approach will help counteract misleading claims of significance, enable re-
searchers to statistically falsify predictions, improve the interpretation of replication
studies and provide psychological scientists with a conceptual framework for interpret-
ing effect sizes. As will be further detailed in the third chapter, the proposed frame-
work aims to preemptively address fundamental design flaws that cannot be corrected
after data collection, with the goal of ensuring that the data can inform the statistical
hypothesis being tested, thereby addressing a critical need recognized by researchers
(Lakens, 2023). After a century of highlighting these issues, it is imperative to ad-
dress these challenges to advance both the field of psychology and the broader research

community.

1.4 Aims of the current study

In this chapter, we examined the problems associated with confirmatory studies, which
contribute to the proliferation of large quantities of low-quality research (loannidis,
2005). This issue relates to the formalization of hypotheses and associated pre-planned
statistical analysis and the interpretation of findings resulting respectively in the theory
crisis and the replication findings. It is advisable for researchers to address issues re-
lated to theory building and replicability, as these problems undermine the credibility of
scientific evidence. One approach to addressing these issues is through the introduction

and widespread adoption of more appropriate research practices to restore the trust
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and reliability essential for fields like psychology, where the ultimate goal is to improve
people’s lives. Accordingly, we explored potential remedies to these challenges, empha-
sizing research practices that have recently been identified as crucial for advancement in
psychological research: the development of appropriate statistical models based on the-
oretical considerations (Fried, 2020) and the pursuit of more theoretically meaningful
interpretations of effect sizes (Anvari & Lakens, 2021).

In the present dissertation we aim to propose a framework, as a solution to these
issues, designed to guide researchers in conceptualizing and modeling effect sizes, as well
as conducting data simulations prior to data collection. This framework is presented as
a structured sequence of steps that researchers can implement throughout the research
process, with the goal of improving both the quality and reliability of their studies.
Moreover, this framework is designed to assist psychologists in thoroughly considering
various critical aspects of the study (e.g., sample size, variability of predicted effect
sizes, statistical power) through visual representations, emphasizing the importance of
moving beyond merely reporting numerical values in the results. After testing these
hypotheses through data analysis, researchers can then reflect on the actual results
obtained versus the expected outcomes. Additionally, we provide a demonstration of
the tool’s use and utility by conducting data simulations and a case study testing real

hypotheses.



Chapter 2

Effect size

“[...] the emphasis given to formal tests of significance [...] has caused scientific
research workers to pay undue attention to the results of the tests of significance
they perform on their data, [...] and too little to the estimates of the magnitude
of the effects they are investigating.”

— Yates, 1951, p. 32

In this chapter, we focus on the concept of effect size. To begin, we consider it essential
to clarify the approach we have chosen for discussing hypothesis testing, as well as the
distinction between statistical and practical significance. In line with our objective of
concentrating on the latter, we present the definition of effect size and outline various
methods for its calculation. Given that Cohen’s d is one of the most widely used
effect size indices, particularly in psychological research, we center our attention on its

interpretation, limitations and potential improvements.

2.1 Overview

Although this is not the most common occurrence in psychological research, much ap-

plied research begins with a research hypothesis that states that there is a relationship

17
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between two variables or a difference between two parameters, such as means (in sub-
sequent chapters, we explore research that involves more than two variables). One
typical form of the research hypothesis concerns a possible relationship between the
two variables in the population. Often one variable is a categorical independent vari-
able involving group membership (a grouping variable), such as male versus female or
Treatment a versus Treatment b, and the other variable is a continuous dependent vari-
able, such as blood pressure or score on an attitude scale or on a test of mental health

or achievement (Rosenthal et al., 2000).

2.1.1 Hypothesis testing in social sciences

The two dominant inferential approaches in the social sciences are the frequentist ap-
proach and the Bayesian approach. For a more in-depth explanation of the latter, refer
to the article by Van de Schoot et al. (2014). Both schools of thought are valid; how-
ever, as they propose different ways of approaching research, in this work, we will follow
the one that best aligns with our objectives, namely the frequentist approach.

A frequentist can be defined as a researcher who approaches issues of probability in
terms of the frequency (number of occurrences) for a particular parameter over a period
of time (VandenBos, 2007). Within a frequentist framework, a researcher can adopt one
of many approaches to test hypotheses. For example, Fisher’s null hypothesis testing
can be applied by establishing a statistical null hypothesis, where the null hypothesis
does not necessarily need be a nil hypothesis (i.e., zero difference), and then reporting
the exact level of significance (e.g., p = 0.051 or p = 0.049) (Fisher, 1955). According
to Fisher, null hypothesis testing represents the most rudimentary form of statistical
analysis and should be employed only in contexts where we possess little or no prior
knowledge (Gigerenzer et al., 1990).

Neyman and Pearson criticized Fisher’s null hypothesis testing for several reasons,

including that no alternative hypothesis is specified. In its simplest version, Neyman—
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Pearson theory has two hypotheses and a binary decision criterion (Neyman, 1957).
They indeed suggested to establish two statistical hypotheses, Hy and H;, and de-
termine the values of « (the probability of committing a Type I error or incorrectly
rejecting the null hypothesis when it is true) and § (the probability of committing a
Type II error or failing to reject the null hypothesis when it is false) as well as the
sample size, prior to conducting the experiment. These decisions should be guided by
subjective cost-benefit analyses. According to their approach, if the data fall within the
rejection region of Hy, H; should be accepted; otherwise accept Hi. The applicability
of this procedure is primarily limited to scenarios where there is a clear disjunction of
hypotheses and where it is possible to make meaningful cost-benefit trade-offs when
selecting o and 3. In the Neyman-Pearson approach, the power of a statistical test is
defined as the probability that the test has to reject the null hypothesis (Hy) when the
alternative hypothesis (H;) is true (Altoe et al., 2020).

The misguided guidelines presented in textbooks and manuals that have shaped
generations of psychologists and researchers gave rise to a third approach, known as
null hypothesis significance testing (NHST), an inconsistent hybrid of the two previ-
ously mentioned theories: Fisher’s null hypothesis testing and Neyman and Pearson’s
decision theory (Gigerenzer, 2004). This approach to hypothesis testing is neither prac-
ticed in the natural sciences nor in the field of statistics proper; however, it has become
institutionalized and widely adopted in psychology and many other scientific disciplines.
According to Gigerenzer (2004), who refers to it as the ‘null ritual,” NHST has become
a source of confusion within these fields. The null ritual comprises three steps: estab-
lish a statistical null hypothesis without specifying either your own hypothesis or an
alternative hypothesis, apply a 5% significance level to reject the null hypothesis and
accept your own hypothesis and, finally, always adhere to this procedure (Gigerenzer,
2004). The primary weaknesses of NHST include: first, the absence of a clearly defined

research hypothesis; second, the lack of power calculations and, consequently, a lack
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of pre-planned sample size; and third, the suboptimal default use of an alpha level of
0.05, without justifying a more appropriate alpha level (Maier & Lakens, 2022), which
leads to the mistaken belief that rejecting Hy automatically supports the researcher’s
hypothesis, often not formally defined.

To ensure clarity and avoid the confusion surrounding testing approaches high-
lighted by Gigerenzer (2004), we begin our discussion by explicitly stating the chosen
approach, thereby engaging in rigorous statistical thinking. The Neyman—Pearson test-
ing framework will serve as the foundation for the concepts discussed in the following

sections, as well as for the explanation and application of the proposed framework.

2.1.2 Statistical and practical significance

As previously mentioned, for more than a century, researchers have stressed the impor-
tance of not just interpreting the statistical significance of effects, but also their prac-
tical significance (Yates, 1951). A statistically significant result is signifying that the
result is sufficient, by the researcher’s adopted standard of required evidence against
the hypothesis H; (say, adopted significance level o < 0.05), to justify rejecting H,
(Grissom & Kim, 2012). For instance, the difference between the experimental group
and the control group as statistically significant represents relevant information. How-
ever, this observation does not provide any insight into the magnitude of the difference.
A difference that is statistically significantly different from zero may have little to no
practical or clinical relevance when considering the estimated effect size between the
two groups. A psychotherapeutic example of a statistically significant result that would
not be practically significant in the sense of clinical significance would be a statis-
tically significant lowering of scores on a test of depression that is insufficient to be
reflected in the clients’ behaviors or self-reports of well-being. Effect size indices are
utilized to assess the magnitude of the effect of interest, irrespective of the measurement

units of the variables under investigation. In conjunction with the inferential results
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of an analysis, the effect size should be carefully evaluated by the researcher to ensure
a proper interpretation of the phenomenon under study. Although effect size is not
synonymous with practical significance, knowledge of a result’s effect size can inform a
subjective judgment about practical significance, which is enhanced by expertise in the
area of research (Grissom & Kim, 2012). It is therefore evident how crucial statistical
inference is within the research overview, but both in general and, in particular, in
social sciences practical significance of effects must be taken into consideration as an
important component of a study, which is instead turns out to a process often neglected,

as reported above (Dienes, 2008).

2.1.3 Definition of effect size

To provide a precise definition of the concept of effect size, we consider the case of a
typical hypothesis that implies there is no effect or no relationship between variables.
Whereas a test of statistical significance is traditionally used to provide evidence (at-
tained p level) that the hypothesis is wrong, an effect size measures the degree to which
such hypothesis is wrong (if it is wrong) (Grissom & Kim, 2012). Researchers are often
reminded to report effect sizes because of what has been said so far about the matter
of practical significance, but also for two other reasons: firstly, effect sizes on one hand
allow researchers to draw conclusions by comparing standardized effect sizes across
studies, secondly effect sizes from previous studies can be used when planning a new
study in an a-priori power analysis (Lakens, 2022). To underscore the methodological
significance of effect sizes, the following is a direct statement from the American Psy-
chological Association (APA) on this matter: “[Significance testing hypothesis] is but
a starting point and that additional reporting elements such as effect sizes, confidence
intervals, and extensive description are needed to convey the most complete meaning

of the results.” (American Psychological Association, 2010, p. 33).
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2.2 Effect sizes based on means

When studies report means and standard deviations, two commonly preferred effect
sizes are the raw mean difference and the standardized mean difference (Borenstein et

al., 2021). In this section, these two effect size indices will be discussed separately.

2.2.1 Raw mean difference

For raw (unstandardized) mean difference, the effect size is expressed on the scale on
which the measure was collected. The primary advantage of the raw effect size is that
it is intuitively meaningful, either inherently (for example, blood pressure, which is
measured on a known scale) or because of widespread use (for example, a national
achievement test for students, where all relevant parties are familiar with the scale)
(Borenstein et al., 2021). In a study that reports the means for two groups (treated and
control, denoted as p; and ps), where a comparison of these group means is required,

the population mean difference is defined as

A:ﬂl—ﬂ,g.

It is possible to perform a meta-analysis or a power analysis based on unstandard-
ized effect sizes and their standard deviation, but it is easier to work with standardized
effect sizes, especially when there is variation in the measures researchers use. To facil-
itate a comparison of effect sizes across situations where different measurement scales
are used, researchers can report standardized effect sizes (Lakens, 2022). This is way
more useful in psychology where the studied phenomena are assessed with different
scales or so they need to be standardized in order to be compared and allow researchers

to draw useful conclusions.
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2.2.2 Standardized mean difference

The raw difference between the means of two groups depends on the unit of measure-
ment, however, in fields such as psychology, it is more common to employ standardized
measures of effect size. This preference arises because the variables in this field often
lack specific units of measurement (e.g., anxiety, empathy, memory, or learning), or
because different instruments are used to measure the same phenomenon (e.g., various
psychological tests) (Borenstein et al., 2021). Furthermore, unstandardized effect sizes
do not account for the variability of the quantitative variable within the two groups
(Baguley, 2009). To address these concerns, we can refer to one of the most widely
recognized standardized indices for measuring effect size, namely Cohen’s d.

Cohen’s d is a standardized measure of effect size that expresses differences in terms
of the variability of the phenomenon under investigation, independent of the original
unit of measurement. It provides a valuable solution when researchers employ raw units
that are either arbitrary or lack meaningful interpretation beyond the specific context
of their study (Cohen, 1988). Cohen’s d (J) is defined as the raw difference between

two population means (p, — pp) divided by the common standard deviation (o):

621171_[1'1)
o

For instance, A Cohen’s d of 0.1 means that the difference between the two population
means is one-tenth of the common standard deviation. Notably, this index is indepen-
dent of the unit of measurement of the phenomenon under investigation (Altoe et al.,
2020). Borenstein et al. (2021) underline the importance of distinguishing between J,
the population Cohen’s d value, and d, the estimated Cohen’s d value from the sampled

groups given by:
X, — X
e —
Spooled

where
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o Spooled T€PTesents the pooled standard deviation of the two samples

(na — 1)s3 + (ny — 1)sg
Spooled = ;
Ng + Ny — 2

e X, — X, represents the difference between the means of groups a and b;
« s2 and s? represent the the variances of groups;
e n, and n, indicate the sample sizes of the groups.

We present a graphical representation of the concepts discussed thus far. An ex-
ample of a meta-analytic effect size is the finding that individuals working in a group
exert less effort to achieve a goal compared to those working individually, a phenomenon
known as soctal loafing, which is quantified with an effect size of d = .43, an effect
is substantial enough to be noticeable in everyday life (Lakens, 2022). However, when
examining the overlap between the two distributions (Cohen’s Us), it becomes evident
that there is considerable overlap in the effort exerted by individuals across the two
conditions (individual work versus group work). As illustrated in figure 2.1, the prob-
ability of superiority - or the likelihood that a randomly selected individual from the
group condition exerts less effort than one from the individual condition - is only 61.9%.

Cohen's d: 0.43

Work in groups Work individually

Outcome

Figure 2.1: A visualization of 2 groups representing d = 0.43 from Magnusson, K. (2023), A causal
inference perspective on therapist effects
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One contributing factor to the widespread use of Cohen’s d is the general acceptance
of established benchmarks for interpreting this effect size (McGrath & Meyer, 2006).
These benchmarks, along with related considerations, will be further examined in the

following section.

2.2.2.1 TUnbiased effect size estimate

Hedges (1981) demonstrated that d exhibits a slight bias, tending to overestimate the
absolute value of ¢ in small samples. This bias can be corrected through a simple
adjustment, resulting in an unbiased estimate of §, referred to as Hedges’ ¢g. To convert
d to Hedges’ g, a correction factor, known as J, is applied (Borenstein et al., 2021).
While Hedges (1981) provides the exact formula for J, in practice, researchers commonly

use an approximation

R
Adf — 1

In this expression, df is the degrees of freedom used to estimate Spyoeq, Which for two

J=1

independent groups is n, + n, — 2. Then,
g=Jxd

The correction factor (J) is always less than 1.0, resulting in ¢ being smaller than
d in absolute terms. Consequently, when the sample size is large and the degrees of
freedom (df) are high, J approaches 1.0 and the difference between d and g becomes
negligible. Conversely, when the degrees of freedom are very small (e.g., fewer than 10),
the difference between these two estimates of § - the population effect size - becomes

more pronounced.
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2.3 Interpreting effect sizes

Merely reporting an effect size without properly interpreting it adds little to a report
of research. The American Educational Research Association recommends including
an estimate and interpretation of effect size for each important inferential statistic that
is reported (Grissom & Kim, 2012). Unfortunately, a considerable amount of work
remains to be done in this area. Many researchers continue to adhere to outdated
guidelines, often due to a misinterpretation of the original recommendations provided

in the past.

2.3.1 Cohen’s benchmarks

Typically, effect sizes are stated, but a repeatedly noted problem is that effect sizes are
either not interpreted at all or are at best ‘labeled’ according to J. Cohen’s benchmark
values. Cohen (1988) proposed d = 0.2, d = 0.5, and d = 0.8 as small, medium, and
large effect sizes respectively in the field of social sciences. Based on his proposal, an
effect size of d = 0.3 indicates a difference in means that is difficult to detect (e.g., the
average height difference between 15- and 16-year-old girls). Moreover, an effect size of
d = 0.8 refers to a completely obvious difference in means, such as the average height
difference between 13- and 18-year-old girls. The medium effect size of d = 0.5 was
defined as “large enough to be visible to the naked eye” (p. 26). Even though Cohen
emphasized “the terms”’small”, “medium” and “large” are relative, not only to each
other, but to the area of behavioral science or even more particularly to the specific
content and research method being employed in any given investigation” (Cohen, 1988,
p. 25), these benchmarks were adopted as heuristics in different fields. It also seems to
encourage the heuristic of dismissing “small” effects as unimportant although they can
matter under some conditions in fields like psychology (Anvari et al., 2023).

Cohen (1988) reluctantly used these conventions in the context of power analysis
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“only when no better basis ... [was| available” (p. 25) and later told friends that he
actually regretted having suggested them at all. His regret was indeed well-founded,
since these standards are meaningless in the absence of a frame of reference (Funder &
Ozer, 2019).

To not just report but interpret an effect size, nothing is gained by the common
practice of finding the corresponding verbal label of ‘small’, ‘medium’ or ‘large’ (Lakens,
2022). In the next section will be presented some recent approaches suggested recently

to address the matter of meaningful interpreting effect sizes.

2.3.2 Recent approaches

For decades, researchers have cautioned against the use of Cohen’s benchmarks (Correll
et al., 2020) and a critical advancement has been the recognition of the issues associated
with these benchmarks. For instance, Funder & Ozer (2019) highlighted the widespread
disregard for effect size within the academic careers of many psychologists, demonstrat-
ing that reliance on Cohen’s standards often leads to uninformative and misleading
interpretations. Although their intentions are aimed at developing meaningful inter-
pretations, Funder & Ozer (2019) ultimately recommended comparing the magnitude
of a finding with another well-understood finding. However, this approach does not
fully move away from the use of benchmarks.

Claims based on data become meaningful when observed effects are related to
their theoretical or practical consequences, but the dominant approach to statistical
inferences in psychology, null hypothesis significance testing (NHST'), represents a limit
to it. One of the most widely suggested improvements in the use of p-values is to replace
null hypothesis tests, in which the goal is to reject an effect of exactly zero, for tests
of range predictions, in which the goal is to reject effects that fall outside the range of
effects that is predicted (Lakens, 2021). One approach to achieve this is to use the two

one-sided tests (TOST) procedure, which tests for equivalence rather than against zero,
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allowing researchers to reject the presence of a smallest effect size of interest (SESOI)
(Lakens et al., 2018). Another example is provided by Hilgard (2021), who suggests
that a prudent practice is to estimate the largest plausible effect size - defined as the
upper limit of plausible effect size for a given measure - and subsequently test this
estimate.

By adhering to these procedures, psychologists would be able to test not only
for the presence of an effect but also for the absence of an effect that is either too
large or too small to be real or practically useful (Lakens, 2021). However, further
progress is needed in understanding how an effect translates to the dependent variable:
current methodologies, including newer approaches, still often treat effect size merely
as a numerical value. Researchers must explicitly identify the relevant mechanisms that
represent the effect in the context to which they are generalizing (Anvari et al., 2023),
given the urgent need to advance beyond merely falsifying a numerical value, as relevant
as that improvement may be, and to focus on falsifying the underlying model of the

effect.

2.4 Limitations of Cohen’s d

One of the primary objectives of statistical analysis is to examine the relationship
between variables. An association exists between two variables when the values of one
variable tend to vary systematically with changes in the other (Bertani et al., 2018). For
instance, in psychological research, a common example of an association might involve
a variable called “Response to treatment” and another variable labeled “Treatment”,
which could take on values such as “Treatment a” and “Treatment b.” If “Treatment
b” represents a placebo, it is likely that individuals receiving “Treatment a” will show
greater improvement compared to those receiving “Treatment b.” In this scenario, an

association is observed between the variables “Response to treatment” and “Treatment,”
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as the proportion of individuals responding to treatment varies according to the type
of treatment administered. Typically, when analyzing the association between two
variables, a process known as “bivariate analysis”, one variable is designated as the
“outcome variable” and its different values are compared based on the values of the
other variable, referred to as the “explanatory variable”. In other words, bivariate
analysis facilitates the evaluation of how the value of the outcome variable is influenced
by, or can be explained by, the values of the explanatory variable (Agresti, 2012).

As shown in the second section of this chapter, the magnitude of the difference
between the mean outcome values of two groups defined by the explanatory variable
is referred to as the effect size (Coe, 2002). Cohen’s d is well-suited for application in
such contexts: these contexts are bivariate, since they concern only the explanatory and
the explanatory variable, and present the particular feature of the explanatory variable
as categorical with two levels and the outcome variable as continuous. For instance,
when comparing gender and income, income serves as the outcome variable, while gen-
der (male versus female) is the explanatory variable, and the effect size represents how
much being male or female influences the mean income of these two groups. In contrast
to analysis of data from two variables (bivariate), multivariate analysis is concerned
with a group (or several groups) of individuals, each of whom possess values or scores
on two or more variables, such as tests or other measures (Tatsuoka & Lohnes, 1988).
Multivariate data can provide a more comprehensive understanding of a sample popula-
tion than bivariate data. In fact, many of the most compelling research questions in the
social sciences are inherently multivariate in nature (Hammond, 2000). Furthermore,
as is frequently the case in both the biomedical and social sciences, many quantitative
studies incorporate qualitative variables. These variables, also referred to as categorical
variables, often consist of more than two categories. They are known as multinomial,
representing the various forms in which a variable may differ across contexts (e.g., sexual

orientation, ABO blood type, marital statusA or religion). This highlights the inherent
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complexity of the phenomena examined by these disciplines (Miola & Miot, 2022).

This brings us to a notable limitation of Cohen’s d: because it quantifies the
difference between the means of two groups, it proves challenging to apply in contexts
both multivariate and concerning multinomial independent variables. Given that such
contexts are common in fields that study complex phenomena and processes, such as
psychology, addressing this limitation is of considerable importance. Earlier in this
chapter, we discussed the importance of designing studies aimed at falsifying models
that represent effect sizes. This approach would allow us to address two key objectives
relative to hypothesis testing: aligning theoretical models with appropriate statistical
methods and focusing on models of effect sizes rather than on isolated values. Such an
approach would contribute to more meaningful research in the social sciences, which
have been plagued by both theoretical and replicability crises.

Furthermore, it can also be stated there is a pressing need to develop method-
ologies that enable the use of Cohen’s d, one of the most widely utilized effect size
indices, within the context of multivariate analyses, given their prevalence in psychol-
ogy. In conclusion, advancements are necessary in the areas of falsifying both effect size
models and the meaningful application and interpretation of Cohen’s d. Such improve-
ments would greatly benefit the field of psychology, where Cohen’s d is among the most
widely used effect size indices, and where a deep understanding of how effects, such as

treatments or drugs, operate is of fundamental importance.
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Proposed framework

“Thinking hard about effect sizes is important for any school of statistical infer-
ence [i.e., Frequentist or Bayesian/, but sadly a process often neglected.”

— Dienes, 2008, p. 92

In this chapter, we outline the key characteristics and features that distinguish
widespread models in the representation of psychological phenomena, specifically those
involving moderator and mediator variables. After clarifying the distinctions between
full and partial mediation, we present a practical example of a full mediation model
drawn from the literature. This type of mediation will serve as the basis for the

concrete application of the proposed framework in subsequent sections.

3.1 Moderator and mediator variables in psychological re-
search

Given the multifaceted and complex nature of phenomena and processes studied in

psychology, multiple variables often contribute to outcomes of interest. Consequently,

researchers have access to statistical methods specifically designed to address the re-

lationships among multiple variables and outcomes. This distinction is particularly

31
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relevant in psychology (Ballen & Salehi, 2021). Such models are invaluable from the
early stages of research, particularly when designing a study. After selecting the vari-
ables to manipulate and those to measure within a specific subject, researchers must
carefully consider the relationships among these variables, as well as the potential in-
fluence of third variables that may affect the relationship under investigation, acting
as moderator or mediator variables. Although the concepts of moderator and mediator
variables have a relatively long-standing tradition in the social sciences, it is not un-
common for social psychological researchers to use these terms interchangeably (Baron
& Kenny, 1986).

A possible function that third variables can cover is acting as moderator vari-
ables, affecting the size or nature of the relationship between an independent and
dependent variable. (Koeske, 1992). Following the approach of Baron & Kenny (1986),
the essential properties of a moderator variable can be illustrated through the findings
of Glass & Singer (1972). Glass and Singer hypothesized that an interaction of the
factors stressor intensity (noise level) and controllability (periodic-aperiodic noise) of
the form that an adverse impact on task performance occurred only when the onset
of the noise was aperiodic or unsignaled. The essential properties of such a modera-
tor variable model are summarized in figure 3.1. The model diagrammed in figure 3.1
presents three causal paths that feed into the outcome variable of task performance:
the impact of the noise intensity as a predictor (path a), the impact of controllability
as a moderator (path b) and the interaction or product of these two (path ¢). The
moderator hypothesis is supported if the interaction (path ¢) is significant.

On the other hand, the mediator function of a third variable represents the
generative mechanism through which the independent variable is able to influence the
dependent variable of interest (Baron & Kenny, 1986). The outcome can be affected
by an independent variable both indirectly through a mediating variable (path encom-

passing arrows a and ¢) and directly (path of arrow ¢), as shown in figure 3.2.
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Figure 3.1: Moderator model by Baron, R. M. and Kenny, D. A. (1986), The moderator-mediator vari-
able distinction in social psychological research: Conceptual, strategic, and statistical considerations,
Journal of personality and social psychology, p. 1174
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Figure 3.2: Mediation model by Baron, R. M. and Kenny, D. A. (1986), The moderator—mediator vari-
able distinction in social psychological research: Conceptual, strategic, and statistical considerations,
Journal of personality and social psychology, 56(6), p. 1176
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Two forms of mediation models can be distinguished based on the different ways
in which phenomena operate and occur. In addition to identifying mediators and me-
diation pathways, finalizing the mediation structure requires determining whether a
partial or full mediation model is more appropriate for the analysis, as illustrated in
figure 3.3 (Ballen & Salehi, 2021). These two types of mediation models, which reflect
the different pathways connecting the independent variable to the dependent variable,
are referred to as partial or full mediation models. Ballen & Salehi (2021) describe the
contrast between partial and full mediation models to test the mediating effect of vari-
able B in the relationship between variable A and variable C. The partial mediation
model (top) tests the partial mediation effect of A on C. In this model, A directly
affects C (i.e., A — C) and indirectly via B (i.e., A - B — C). The full mediation
model (bottom) tests how B fully mediates the relationship between A and C (i.e.,
only A — B — C). The encircled “e” acknowledges error inherent to model estimates.

Variables can be either observed (rectangles) or latent (ellipses).

o

B

Partial mediation model

5

Full mediation model

x
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Figure 3.3: Contrasting a partial and full mediation model by Ballen, C. J. and Salehi, S. (2021),
Mediation analysis in discipline-based education research using structural equation modeling: Beyond
“what works” to understand how it works, and for whom, Journal of microbiology and biology educa-
tion, (22,2) p. 5

For instance, Ballen & Salehi (2021) proposed that mediation analysis can be employed
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to examine the mediating impact of a student’s prosocial utility value beliefs in biology
(e.g., using biology to achieve goals related to helping others) as a mediator for the effect
of using a textbook with prosocial examples (or a neutral control, as the independent
variable) on the student’s interest in the subject of biology (the dependent variable)
(Zambrano et al., 2020). They hypothesized that the textbook condition (prosocial or
control) influences interest through prosocial utility value beliefs. Specifically, using a
textbook with prosocial examples is expected to enhance students’ beliefs in the social
utility value of biology, which, in turn, increases their interest in the subject. The extent
to which students’ prosocial utility value beliefs in biology mediate the effect of textbook
condition on their interest in the subject can be quantitatively assessed. If the mediation
effect has a non-significant p-value, or a significant p-value with a small estimated
effect, one may conclude that the effect of textbook condition on student interest in
biology is primarily mediated through mechanisms other than the student’s prosocial
utility value beliefs. Conversely, if the size of mediation is large, it suggests that a
student’s prosocial utility value beliefs are a significant mediator in the relationship
between textbook condition and student interest. In such cases, reading a textbook
with prosocial examples may lead to stronger prosocial utility value beliefs, which,
in turn, enhances interest in biology. If, after accounting for the mediating effect of
prosocial utility value beliefs in biology, the textbook condition still exerts a significant
direct effect on student interest, this would indicate an example of a partial mediation
model. Otherwise, it would suggest a full mediation model.

Psychologists have long recognized the significance of mediating variables (Baron
& Kenny, 1986). Consequently, our focus will shift to mediation models due to their
critical importance and their involvement in numerous psychological theories, both his-
torical and contemporary. Additionally, mediation models are relatively straightforward
to understand. Given that our aim is to introduce a framework incorporating novel ele-

ments, we believe the most effective approach is to demonstrate this framework through
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examples applied in the simplest scenarios.

3.2 A full-mediator model within the proposed framework

To resume the discussion from the conclusion of the second chapter, we addressed the
recommendation of designing studies based on hypotheses about models of effect size
that can be falsified by data as a potential solution to the replication crisis in psychology.
In line with this, we began this chapter by discussing models, as the primary aim of
this study is to present a framework of falsifiable effect size models and to provide a
concrete application, demonstrated through data simulation and the analysis of a real
dataset.

When selecting the scenario in which to implement this framework, we determined
that it should involve a model incorporating at least one third variable. This decision
reflects the fact that psychological processes rarely involve a simple relationship where
an independent variable directly influences a dependent variable, since outcomes are
more often influenced by additional variables that play a role in the mechanism un-
der investigation. Furthermore, at the end of the second chapter, we highlighted the
importance of addressing the use of Cohen’s d as a measure of effect size within the
context of multivariate analysis. In this regard, we opted for a full mediation model, as
it represents a simpler and more straightforward scenario compared to partial media-
tion. Given that our goal is to introduce a novel framework, we believe that simplicity
is the most effective approach for explanation. For this reason, we chose to apply the
proposed framework within a multivariate analysis involving only three variables.

This model possesses two key features that are crucial to consider, as they define the
specific scenario we aim to explore through simulation and data analysis. By focusing
on the full mediation model, we restrict our example to contexts in which the entire

effect of the manipulation is transferred through the mediator, thereby assuming no
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direct impact on the dependent variable. While this represents a particular case, there
are instances in which researchers specifically hypothesize such relationships between
variables, as will be discussed later. In this model, the manipulation of the independent
variable directly alters the mediator, which in turn influences the dependent variable.
The second important feature is the causal relationship between the variables: the
manipulation must initiate a chain of events and the mediator must be a variable
capable of change. For example, variables such as anxiety levels or reaction times are
suitable mediators, whereas static variables like sex or age are not.

The simplicity of the scenario chosen for the application of this framework serves
as a foundation for future developments. Once researchers have grasped its function-
ality in this basic context, they can extend its application to more complex situations,
involving more than three variables that may interact in different ways, such as through
partial mediation or moderation. Additionally, while this scenario is relatively simple,
it reflects a structure that may be genuinely hypothesized by researchers. In the follow-
ing section, we will illustrate the full mediation model through a concrete hypothesis,
as implemented in the study by Reinhold et al. (2018). Before presenting the example,
it is important to emphasize that the research discussed subsequently involves a more
complex case than the scenario for which we intend to apply our framework. Specifi-
cally, Reinhold et al. (2018) addresses a predictor variable defined by four dimensions
(rather than a simple, single-dimensional variable), as will be clarified in greater detail

later.

3.2.1 Example of a full mediation model from literature

In their study, Reinhold et al. (2018) examine the concept of transfer of training,
which they define as the application of acquired knowledge and skills in the workplace.
Previous research has identified social support and motivation to transfer as two key

factors in explaining this process. Furthermore, as the authors note, certain models
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delineate more specific sub-dimensions of social support, including supervisor support,
peer support, supervisor sanctions and feedback/coaching. However, it remains unclear
whether social support directly influences transfer of training or if this effect is mediated
by motivation to transfer. The researchers aim to understand the relative impact of
these sub-dimensions of social support on both motivation to transfer and the transfer
of training itself. By testing both partial and full mediation models, their findings
suggest that the sub-dimensions of social support exert an indirect influence on transfer
of training through motivation to transfer, with the full mediation model providing a
better fit (Reinhold et al., 2018). In this context, we focus on the full mediation model
tested in their study to gain a clearer understanding of the role of mediating variables in
psychological research. As one of the initial hypotheses proposed, and later confirmed
as the better explanation, motivation to transfer is a crucial element in understanding
the relationship between learning and behavior change. As illustrated in figure 3.4,
the effect of all predictor variables is fully mediated by the mediator, indicating that
social support does not have a direct influence on transfer. Instead, the influence of all

predictor variables is mediated by transfer motivation.
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Figure 3.4: A fully mediated model of the hypothesized relationships by Reinhold, S., Gegenfurtner, A.
and Lewalter, D. (2018). Social support and motivation to transfer as predictors of training transfer:
Testing full and partial mediation using meta-analytic structural equation modelling. International
Journal of Training and Development, 22(1), p. 3
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In conclusion, the next chapter will apply the proposed framework within the con-
text of a full mediation model involving three variables, similar to the example just
discussed. Although this setting may appear simple and well-defined, it nonetheless
represents a viable research question, and in certain cases - such as the one just consid-
ered - proves to be the best fit for explaining psychological mechanisms. Consequently,
the demonstration of how to implement the proposed framework in this context is not
only valuable from a didactic and theoretical perspective but can also be immediately

applicable in psychological research practice.

3.3 Implementing the framework in research

The objective of this dissertation is to address several flawed practices that ultimately
undermine the reliability of scientific research by proposing improvements that can be
implemented in the conduct of confirmatory research. To achieve this, we propose a
framework that emphasizes the meaningful interpretation of effect sizes, particularly
Cohen’s d, within the context of multivariate analysis, supported by data simulations
and graphical representations of predicted models.

In particular, we suggest that researchers can initiate this improvement process
by formulating hypotheses related to the effect size of interest and carefully reasoning
about how the effect of the manipulated variable translates to the outcome. This
approach enables the development and testing of statistical models that align with
theoretical assumptions. At this stage, it is crucial to simulate the expected results and,
within these simulations, calculate the study’s