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Abstract

This replication audit of the JAP (2000-2019) examines the validity of an automated extrac-

tion method by (Brunner & Schimmack, in press) through a manual tandem coding approach.

Applied on a screened sample of 73 experimental articles, out of a total of 375 articles, we

extracted the focal test statistic per study, resulting in 102 test statistics. The method of ex-

traction was done by assessing and weighing each hypothesis for focality, either randomizing

the extraction when the weight was too similar or marking the single focal hypothesis for each

study. The hypothesis, that a manual coding would, through more precision, result in a lower

replicability rate could not be confirmed. Results indicated similarity, thus rendering the auto-

matic approach into an effective measure of a journal’s replication rate and the manual tandem

coding into a robust yet time-consuming tool for validating automatic results.

Keywords: Replication audit, Replicability, Z-curve, Manual Tandem Coding

Open Science Practices

This master thesis earned the Open Data and he Open Materials badge for making the data and

materials available at: http://doi.org/10.17605/OSF.IO/E9YQJ, as well as the badge for pre-

registration: https://osf.io/by7nd. A member of Open Science Scandinavia (Rickard Carlsson)
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Introduction

Time and again, a crisis functions as a mean to change and reconsider the course of

current behavior. In psychology, the replication crisis, a term that got public attention in the

year 2011, functions as that mean. When Ritchie, Wiseman, and French (2012) failed to repli-

cate the results of parapsychologist Bem’s (2011) notorious study, which was published in the

renowned Journal of Personality and Social Psychology, they knew that there was more to the

story. Thus, evidence began to accumulate and resulted in the replication crisis, an umbrella

term for failed replications and the overall bad replication rate of past and present experiments,

mainly set in the social sciences. One might think that a bubble of failed replications in this

field will not have as severe consequences as failed replications in medicine. While no one

has ever died from power-posing (we do sincerely hope so), there is still an undeniable impact

on social sciences itself and its application in governments and organizations alike. Since it is

a rather young field, most of the basal discoveries have been made within the past 60 years.

With the stacking nature of science and a foundation that does scarcely replicate, this stack is

violently shaking while some people are still adding questionable science on top of it.

One promising way to deal with this topic is the replication of studies. Contrary to their

utility, replication studies are often neglected by a journals publication routine (Makel, Plucker,

& Hegarty, 2012). A replication study aims to emulate the conditions of a designated original

study. Those conditions concern degrees of freedom like the research question, the sample,

variables, or laboratory setting. All in all a very expensive and time-consuming procedure.

Thus, tools, more independent from that routine, have been developed. Over time, the scale

of those countervailing measures has evolved to a thorough and objective assessment of used

statistical tests and their results, providing estimates about statistical power, the file-drawer

ratio, and the replication rate. Despite this extremely positive development, concerns emerge

when looking at their reliance on an automated data extraction process. If one assumes that

an article has eight hypotheses which are tested in three experimental studies, resulting in

approximately forty reported test statistics. When a program now scans this article for those

test statistics, it does not necessarily distinguish between the essential focal test (which tests the

main hypothesis) and a neglectable manipulation check, thus, potentially skewing the result.

As the first to address this concern, Motyl et al. (2017) manually extracted the test statistics out

of 543 articles (containing 1505 studies) in the field of social and personality psychology (i.e.,

the journals JPSP, PSPB, JESP, and PS). Results were implied within the title of their paper -

"Rotten to the core".

Aim of this thesis

The goal of this present study is to manually extract test statistics from the Journal

of Applied Psychology in order to do a replication audit comparable to the already existing

R-index. Also, and to emphasize the significance of the study above, this master thesis aims
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to provide the first comparative evaluation of Work and Organizational Psychology, namely, a

comparison between a manual replicability audit of the Journal of Applied Psychology and an

automatic one.

Since the awareness of other fields like Personality Psychology, Social Psychology,

and Cognitive Psychology, undeniably robust and similar work, alongside actual replications,

is being done (Silberzahn et al., 2018). Therefore, assessing Work and Organizational Psy-

chology is the logical step. When one looks at the field’s high applicability, the question of

whether the crisis has already hit the field becomes an even more important one to ask. Re-

search topics like hiring discrimination or decision making find the direct way from science

to the organization’s HR manager, sometimes leading to questionable results like implicit bias

training (Schimmack, 2018b) or open landscape offices (Kim & De Dear, 2013). The recent

efforts of the US military (Russell, 2019) alone serve as an example for the rising interest and

importance in building tools to estimate a level of confidence using psychological research.

To prevent a waste of resources in organizations and science, preliminary assessing a

journal, research topic, or field with power-based predictive tools like the Z-curve can lead

to a deeper understanding of the need for conducting a costly replication study is high. As

an overarching theme, the following chapters provide first a theoretical and then a historical

overview of the emergence of the replication crisis, translating it to the eminent problem, many

scientists provided elaborated solutions for. Providing a theoretical basis, we describe the

methodological progression of those solutions, resulting in the latest derivation, the Z-curve.

Consequently, possible improvements for this present study are discussed and reasoning, why

similar studies can be a cost-efficient and "knowledge-building" way for dealing with current

problems of psychology are mentioned.

History of the replication crisis - "The Big Bem"

Today, it is widely acknowledged that Bem’s (2011) article about the cognitive ability

to use "psi" to foresee different stimuli was the moment, that made social scientists aware of the

temporal scope of methodological problems in their field. In a way, if one could have felt the

future in 2010, one would not have stopped another scientist from writing and a journal from

publishing about it. However, even before the wake-up year of 2011, there was enough doubt

and concern about the current state of methods in psychology. As a sign of high awareness

and topicality within the field, the amount and scope of published content (blogs, podcasts,

and articles alike), approaching different layers of this concern, is nearly impossible to capture

(selected examples of blogs are displayed at the end of this chapter). Therefore, the follow-

ing passages will illustrate a brief and incomplete historical overview of (English-language)

articles, blogs, and podcasts, concerned with the vital topic of methodology in the psycholog-

ical sciences. Furthermore, it will try to highlight the connection to this present thesis and

its purpose, serving as a missing piece of the puzzle. First, it will start with the well-known
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but hardly used fact that a house built on sand instead of concrete is not made to last, hardly

ever to replicate - Pre-Bem. Post-Bem represents the public awakening and acknowledgment

of the "Pre-Bem" phase, namely robust methods and scientists who know how to use them,

culminating under the banner of open-science.

Pre-Bem

With his book about statistical inference in therapy, Meehl (1954) was triggering mainly

two things. First, an outrage within the, back then, more Freudian and eminent community of

psychological therapy, and second, an underpinning contribution for psychology evolving into

a more method-oriented science. As a disciple of Popper and Fisher, he then continued to

question the current state of research in psychology, advocating for the use of more than just

significant tests and listing numerous difficulties within his field (Meehl, 1967, 1978).

Since the null hypothesis is quasi-always false, tables summarizing research in

terms of patterns of “significant differences” are little more than complex, causally

uninterpretable outcomes of statistical power functions.

(Meehl, 1978)

Sharing the same generation and statistical mindset with Paul Meehl, Jacob Cohen also

realized how weak the foundation would become if psychological scientists would continue

on the current path. His article about the repetitive, dogmatic, and wrong use of statistical

significance (Cohen, 1994) lets one guess about the exhaustive campaign he started almost 60

years ago. With his extensive literature about the concept of statistical power (Cohen, 1962;

Cohen et al., 1965; Cohen, 1992), he tried to enrich and constructively criticize psychology.

Despite those educational warnings of the early deputies of methods, the misuse continued until

this very day and is somehow profoundly entangled in the works of many psychologists. When

several researchers with the focus on statistical significance gather in a room, a questionable

journal comes into being. That the mentioned focus on statistical significance ascended from

being a dogma of researchers into being a publication requirement of scientific journals, can

thus be seen as the living example for great minds think alike.

Like many men my age, I mostly grouse. My harangue today is on testing for

statistical significance, about which Bill Rozeboom (1960) wrote 33 years ago,

"The statistical folkways of a more primitive past continue to dominate the local

scene" (p. 417).

(Cohen, 1994)

Long before methods of measuring and exploiting scientific studies that are too good

and incredible to be true (Schimmack, 2012), Sterling (1959) set the stage for their later on

refined and still very relevant term publication bias (Sterling, Rosenbaum, & Weinkam, 1959).
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With his first contribution, Sterling investigated the rate between published articles rejecting

the null hypothesis (97,3 %) and articles failing to reject it (2,7 %) in four leading journals

(Experimental Psychology, Comparative and Physiological Psychology, Clinical Psychology,

and Social Psychology) of the year 1955 (1956 for the second journal). To the interested

readership, this term expresses itself in excessively used phrases like "as hypothesized" or "as

expected", as well as in the last resort of framing results as "approaching significance" or being

"marginally significant". Here, the problem is not the studies being significant; the problem is

the non-significant studies which end up in a file-drawer and people, doing everything to keep

their work significant - retrospectively and prospectively (Rosenthal, 1979). When the scope

of hiding results switches from study to analysis, the term publication bias becomes p-hacking,

a much easier to manipulate, and, therefore, more hostile offspring.

Significant results published in these fields are seldom verified by independent

replication. The possibility thus arises that the literature of such a field consists

in substantial part of false conclusions resulting from errors of the first kind in

statistical tests of significance.

(Sterling, 1959)

Sadly, the assumption that this methodological knowledge would have had an impact

on the research of psychology must be partly rejected. With little to no control mechanisms,

the words of Popper, Meehl, and Sterling were quickly filed into the drawer of curbing, te-

dious, and too rigorous hindrances in this rapid-growing enterprise called psychological sci-

ence. Withstanding this force of ignorance and the quick-win mentality of most journals and

authors, many methodologists still tried their best to raise educative awareness for such crucial

topics, which count to the basic repertoire of other natural sciences, such as physics, chem-

istry, or biology. If one tried to disprove or criticize a theory about violent video games, one

would face major resistance and an exhaustively long, recursive process (Elson, 2019) based

on subjectivity and not objectivity.

Examples like the discovery of HARKing (Kerr, 1998), the common method bias (Podsakoff,

MacKenzie, Lee, & Podsakoff, 2003), or the attempt to unify psychology (Staats, 1998), proves

that the previously mentioned knowledge is not forgotten but has a rather difficult time to

reach the surface. Luckily, the thought of joining teams, labs, and discoveries, got more at-

tention in the last ten years, leading to excellent examples like The Center for Open Science

(Center for Open Science, 2019), hypothes.is (The Hypothesis Project, 2019), or the "many

labs" project series, starting with Klein et al. (2014) and developing further in projects like

"Many babies" (Frank et al., 2017) (https://osf.io/rpw6d/). There have always been voices of

concern about the current state, providing not only a post-modern style of critique but also

helpful guidelines to avoid the pitfalls of interpreting scientific research and its transfer to the

outer world (Ioannidis, 2005).
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How do its theories - such as those of personality, intelligence, values, emotion,

language, depression, reading, and psychotherapy - compare to other relevant

theories? Sciences that take theory seriously perform such evaluations? And we

must ask the question, how can a field, whose subject matter is theory, not conduct

such evaluations?

(Staats, 1998)

This transparent rediscovery of self-evaluation brought this field to the Post-Bem-Era,

a renaissance of methodology, and a way to unveil the mechanisms as mentioned above of

pushing studies to questionable success. Unquestionable is the significant progression psycho-

logical research has witnessed. With the public and loud discussion about Bem’s results, two

groups of people got more attention - the ones scrutinizing and the ones in being scrutinized.

As a consequential summary, the following passage will try to illuminate a way to the Z-curve

(Brunner & Schimmack, in press), the measurement of replicability used to compare the re-

sults of our manual coding with the results of an automated coding approach. By nature, this

summary does not render a complete picture of thoughtful scientists and their actions, working

to improve science. As pictured by the almost forgotten knowledge of Popper, Meehl, Co-

hen, and their like-minded colleagues, it might take a few more years to get to know the true

pioneers of today.

Post-Bem

Confirmation comes from repetition. Any attempt to avoid this statement leads to

failure and more probably to destruction.

Tukey (1969)

The chances are high that articles published quickly after the publication of "Feeling

the Future: Experimental Evidence for Anomalous Retroactive Influences on Cognition and

Affect" (Bem, 2011) were in the process of theorizing, writing, and reviewing well before. For

example, Schwab, Abrahamson, Starbuck, and Fidler (2011) gave a brief, but comprehensive

overview about the criticisms against mindless null-hypothesis significance testing (NHST)

and for a research process in which reporting effect sizes and confidence intervals underpin

the general humble way of acknowledging the role of uncertainty in science. As with many

great concepts, theories, and psychological science in general, a point estimate of a year and

a researcher does not match the movement-like spirit of reproducibility and replicability. The

consensus of this movement is captured in the words of Tukey (1969), further developed by

Makel et al. (2012) and the critical question about replicability in psychology.

With their review of the 100 most popular psychological journals, Makel et al. (2012)

found that, although replication is highly appreciated in theory, actual publications of replica-

tions contribute to the overall amount of published research by only roughly 1.07 to 1.6 %.
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Again, this illustrates an example for the publication bias and the extreme gap between best

practice and acting in the interest of a journal and its leadership, who see a study which fails

to replicate as a personal attack, rather than a chance to improve. This is also mentioned in the

finding that replication studies under the authorship of the original authors had a higher chance

of success when compared to independent replications. Nevertheless, the review of Makel et

al. (2012) also provided a more positive outlook into the future, picturing a general upward

trend when it comes to publishing, and therefore, promoting replications. Another example

for the firm grasp of the publication bias delivered Mazzola and Deuling (2013), reminding

researchers who drifted off to find the way back to the shore of acquired grad, post-grad, and

post-doc knowledge. Comparing the rate of supported and unsupported hypotheses in journal

articles and dissertations, the authors found support for their hypotheses (and thus, got pub-

lished). Within a total of 1684 journal hypotheses and 1227 dissertation hypotheses, the former

revealed a support rate of 73.10 %, while the latter reached 32.93 %. Of course, one could ar-

gue, that, when contributing work on a dissertation, resources are more scarce when compared

to the work on a journal article, but so is the fame and money gained out of it. Thus, one could

say that the clutch of "publish or perish" has not yet been activated and the person writing the

dissertation lives in a scientific utopia, where mistakes are expected and appreciated rather than

swept under the shiny carpet of success.

Success was also the central theme of Francis, Tanzman, and Matthews (2014), an

attempt to confronting the false reporting of multiple experiments within one study, all yielding

a supposedly successful outcome. Mathematical reasoning about the Type 1 error rate provides

support for their claim, that, even within the best experimental conditions, an error in the form

of rejecting the null when it is true will occur. In their case, 15 of the 18 analyzed articles did

not withstand their excess success criterion. In other words, those articles were rendering a

non-ideal environment for their experiments, while still reporting significance throughout all

hypotheses under the commonly used Type 1 error rate of 5 % (Francis et al., 2014). This

analysis was done for articles of the prominent journal Science, often taken as a trustworthy

reference for applying scientific results to organizational practice. Although the authors do not

blame the analyzed authors for knowingly using questionable practices, this article maintains

the mantra of thinking twice when it comes to interpreting research results, no matter what title

the journal has.

Recent efforts

Without a doubt, the Open Science Collaboration is a big-time contributor when it

comes to untangling the, sometimes, big and complex web framed as the use of methodology

in psychological sciences. To make a point, Brian Nosek gathered volunteering experts as

coauthors and orchestrated the mega-replication study Estimating the reproducibility of psy-

chological science, replicating 100 experimental and correlation studies (Collaboration et al.,
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2015). Although consensus equals confusion in terms of the right terminology, the conducted

study is an estimation of the replicability of psychological science, using different teams with

the same experimental setup as the original study rather than a different team and a different

setup (Plesser, 2018). However, the replicated studies could not scratch the original rate of 97

% significant studies, reported in three major psychological journals. Only 36 % of the repli-

cated studies were significant, while the mean of effect sizes was halved (Replication: 0.197,

Original: 0.403) (Collaboration et al., 2015). That leads back to Tukey’s (1969) conclusion

about the verification and confirmation of knowledge, which should be as necessary and or-

dinary as watering one’s plants - knowledge about soil and water demand is gained through

repetition, and the plant called science can live on.

The high demand for the benefits of the umbrella term open science cannot be denied

and manifests in the vibrant and multifarious ways of researchers creating mechanisms and

methods for detecting fraud science. The R-Index originated out of the Incredibility Index

(Schimmack, 2012) and evolved over time and through rigorous work into a part of the Z-

curve. This curve can be seen as a toolkit, to illustrate the distribution of z-values, transformed

from p-values and focal test statistics, in the context of observed and estimated statistical power

(Brunner & Schimmack, in press). It is beyond debate that the use of the open source program-

ming language R has not only added an easy way to use statistics and share results but also a

way to aid methodologists in detecting questionable research practices. Besides the R-Index

and Z-curve by Schimmack, Nuijten, Hartgerink, van Assen, Epskamp, and Wicherts (2016),

almost all members of the Open Science Collaboration, examined the reporting of over 250,000

p-values with the R package statcheck. This package scans the article for test statistics with

degrees of freedom, calculates the correct p-value, and compares it to the reported p-value.

Nearly half (49.6 %) of the 30,717 analyzed articles showed at least one inconsistency, while

12.9 % showed at least one gross inconsistency. To give the present data-set more informative

depth, this calculation was included in the field pval.

Both ways of scraping data and analyzing content can be seen as the guiding idea, not

only behind this master thesis but also behind a paper of Motyl et al. (2017), which will be

discussed in a later part of this thesis. Despite some flaws in accumulating and interpreting

the raw data (articles), the paper laid the ground for a more robust way of estimating the

replicability of journals, namely, coding test statistics by hand. Naturally, coding by hand

involves the human error, which was also part of the research in Silberzahn et al. (2018),

when many analysts got to analyze one data-set under the flag of the same research question.

Not only did the results differ substantially, the chosen statistical methods, e.g., 21 unique

combinations of covariates in 29 research teams, did too. With all 29 teams being proven

experts in the field of methodology, this reinforces the concern, that, despite all statistical

knowledge and rigor, the degree of freedom for subjective decisions is still a dominant force to

reckon with. On the other hand, knowledge evolves, and this example shows that an open and
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transparent analysis is the key to a new and improved understanding of statistics.

A glimpse into the future: Everything is accessible

A part of unifying psychology and improving the overall use of methodology is to

acknowledge, that good and credible content nowadays does not solely comes in the form of

published and peer-reviewed articles but also in the form of digital content, like blog posts

and podcast, always open to a form of social peer review. Not only are those formats free of

charge, but they also provide an excellent educative mean of transferring knowledge between

scientists, but also from scientists to curious non-scientists. Of course, the publish or perish

culture of search engine algorithms is way stronger than the average peer-reviewer but so is the

editorial and topical freedom of the author, creating an environment, where quality of content

matters. This environment benefits from the mentioned mechanism of social peer review. If

an author publishes a false statistical conclusion on their blog, it either drowns in anonymity

or triggers an anthology of responses in the form of direct comments, Tweets, or new blog

posts. Compared to an editorial process, in which the sections methods and results sometimes

also drown in anonymity, it is a progressively fresh, while at the same time intimidating new

world for old habits to die. Perspectively, this open and largely independent process might lead

to more volume for aspiring scholars and methodological skeptics without a prior reputation.

With being, to some degree, independent from current hot topics and the opinion of eminent

boards and peer-review decisions, the scientific discourse can, once again, rise to guide the like-

minded. To portray the high quality and broad scope of digital content, a short and incomplete

list will be presented in the following:

• 100ci

http://www.the100.ci/

• Replicability Index

http://replicationindex.wordpress.com

• Data Colada

http://datacolada.org

• Neuroskeptic

https://bit.ly/1OjjI5f

• nicebread

https://nicebread.de

• The 20% Statistician

https://daniellakens.blogspot.com/

• Everything Hertz

https://everythinghertz.com/

• Data Skeptic

https://dataskeptic.com/

• Statistical Modeling

https://statmodeling.stat.columbia.edu/

• Practical Science

https://practicalscience.eu



PREDICTING REPLICABILITY 9

The theoretical basis of replicability audit tools

To understand the estimated replicability, one has to understand statistical power. Sta-

tistical power is defined as the probability of producing significant results when the null hy-

pothesis is false. Since Cohen (1988), researchers strive for the suggestion that experiments

should have a power equivalent to 80%. In other words, four out of five experiments should

replicate, and one out of five should make a type-II error, which is when researchers fail to

reject the false null hypothesis (Schimmack & Brunner, 2018). Therefore, statistical power is

essential to the future of any research because it is the probability of obtaining a significant

result. Replicability is the quality of reproducing exact values when reproducing studies under

the same conditions. To be able to replicate the findings, one needs high power. One could

quickly describe power in an easy way as the chance of producing the same results again if the

study was conducted in the same manner, and that is what the following procedures estimates.

In order for researchers to evaluate research literature, the meta-analysis has become a

handy tool. It has been portrayed as the highest quality of evidence (Corker, 2018). In recent

time, however, modern science has recognized the potential link between publication bias and

meta-analyses. The strength of meta-analyses is that they combine a broad spectrum of studies

within selected topics, but studies that end up in "file drawers" are still unrepresentative in

recent meta-analyses. If this is taken into account, we only include studies that have statis-

tical significance and "good" statistics into our meta-analyses, which would bias the results.

Different methods of estimating effect sizes, such as P-curve and p-uniform, were developed

in order to adjust for these biases. The idea of meta-analyses is to tests the same hypothesis

with a similar population in order to estimate effect sizes within that area. When compared to

a replication audit, the replication audit covers studies with different content and test values

to estimate a general power for all studies combined in order to predict replicability. Simi-

lar to a fever thermometer, a replication audit tries to examine whether the literature is well,

whereas a meta-analysis tries to describe the content of a disease. We believe that using both

meta-analyses and replication audits is needed to get closer to a representative picture of a

research area. With the replicability audit, researchers can weight their opinion on current

meta-analytic papers in order to take questionable research practices, publication bias, type-I,

and type-II error into account when making their judgment.

A replication audit is, of course, not as rigorous assessment as the replication studies

performed by (Collaboration et al., 2015), but it will serve other purposes. While the replica-

tion studies are a slow process that requires a lot of economic resources, the replication audit

should function as a methodological and statistical temperature meter in different research ar-

eas. If we can create a tool that would quickly scan the literature and give an accurate estimate

of power, replication rate, and QRP, the research community would save a lot of time and

money.
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Methods for estimating replication

In order to address this issue, research practitioners have developed tools for estimating

power. The estimation of mean power can be observed with the p-uniform (van Aert, Wicherts,

& van Assen, 2016) and P-curve (Simonsohn, Nelson, & Simmons, 2014). Both are standard

tools when estimating effect-sizes of publication bias while conducting meta-analyses.

On the forefront of this movement is the Replicability Index (Schimmack, 2016), a

quantitative test for questionable research practices and inflated effect sizes, with the goal to

discourage their common usage and encourage a more objective way in assessing articles with

sets of studies, journals, and science in general.

R-Index = 2 * Median Observed Power – Success Rate
"The R-Index can range from 0 to 1. A value of 0 is obtained when median ob-

served power is 50% and the success rate is 100%. Median observed power is an

unbiased estimate of power in an unbiased set of studies." (Schimmack, 2016)

Some years later, sprung out of the R-index, the Z-curve took shape. As an improve-

ment to the R-Index, the Z-curve can be used to transform test statistics to standardized Z-

values and then connect each value to an estimated power. This gives us a more comprehen-

sive view of the published literature. To be able to integrate different types of test results from

different studies, the Z-curve follows the meta-analysis procedure and converts p-values into

z-scores (Schimmack & Brunner, 2018). In their paper, Schimmack and Brunner (2018) state

that the Z-curve is founded on the following four theorems:

1. Population mean true power equals the overall probability of a significant result

2. The effect of selection for significance is to multiply the probability of each power value by

a quantity equal to the power value itself, divided by population mean power before selection.

If the distribution of power is continuous, this statement applies to the value of the probability

density function

3. Population mean power after selection for significance equals the population mean of

squared power before selection, divided by the population mean of power before selection

4. Population mean power before selection equals one divided by the population mean of the

reciprocal of power after selection

The method is based on power analysis for Z-tests (one-tailed). Exact p-values using

α = .05 are inputs to the Z-curve. To produce an estimate of power, the p-values are then

processed in several steps described in figure 1.

The Z-curve can be used as an objective measurement of the current replicability. In

comparison to a replication study, there is no bias in terms of selecting for participants, meth-

ods, or test instructions because all the numbers are extracted from the original studies.
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Figure 1. Z-curve procedural steps reproduced from Schimmack and Brunner (2018).

Why choose Z- instead of P-curve?

There has been debating between the founders of Z- and P-curve the last couple of

years, and there are some differences in how both methods address, for example, outliers

(Schimmack, 2018c). The P-curve uses a single parameter to estimate, and the Z-curve uses

multiple parameters which would alter the way the method handles heterogeneity and homo-

geneity within the extracted data. Some controversy arose when Schimmack (2018c) stated

that the P-curve is biased by heterogeneity. According to Simonsohn (2018), the P-curve is not

biased against heterogeneity, but to the presence of a high amount of outliers. In this specific

test, both researchers are referring to the outliers consisted of several studies with a power of

100%. When the studies included does not reach a statistical power above 80%, or are treated

as such, the P-curve’s estimates are just fine but when it includes high values of power it has a

tendency to overestimate the power of all included studies.

On the other hand, both researchers agree that the Z-curve might underestimate the

power in general (Schimmack, 2018c). A limitation for P-curve is that it ignores non-significant

values (p > .05), but according to Simonsohn et al. (2014), excluding these values makes the
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P-curve noisier but not biased. When using the P-curve in a meta-analysis estimating effect

sizes, the statistical method is useful to correct for publication bias. In order to work correctly,

the P-curve assumes a fixed effect size and makes assumptions about the distribution of true

power and true effect sizes (Schimmack & Brunner, 2018).

When looking at a journal, we believe that there will be studies with deficient power

but also studies with very high power. Therefore, we chose to use the Z-curve since it handles

a high level of power in more accurately. The Z-curve is also very convenient to use since it

only needs a set of exact p-values in order to do the calculations.

Work and Organizational Psychology

Motyl et al. (2017) accuse science, primarily social and personality psychology, to be

rotten to the core because it faces resistant barriers to improve. These research areas of science

contain many false positives and a low number of replications among the contributing theories

and articles. The field is very competitive, and researchers need to provide both novelty and

demonstrate perfect data to get published. That is if you can get any of the few positions offered

out there and even then, getting the grants is a gamble. We know that putting high achievers in

a competitive and individualistic environment might promote cheating and unethical behavior

(Victor & Cullen, 1989) and therefore, it might not come as a surprise to see the state that

science has evolved to.

In the replication index published by Schimmack (2018a), a total number of five orga-

nizational journals can be found. As one of the more applied fields, researchers of Work and

Organizational Psychology build models that are used in various organizational contexts. A

crisis, similar to the one in social psychology, could have a devastating and extensive impact.

With theories or models not replicating, organizations would lose not only economic resources,

invested in research but also the general interest and effort in applying it. Thus, this potential

threat for the transfer of knowledge between science and the organizational world should rather

be acknowledged than ignored. Below follows a table of statistics, including the replication

rate in percent calculated for the years between 2010-2018.

Table 1
Replication index of journals in Work and Organizational Psychology between 2010-2018.

Journal Highest Lowest Mean

Journal of Occupational and Organizational Psychology 82% 63% 74.33%
Journal of Applied Psychology 80% 69% 72.67%
Journal of Occupational Health Psychology 80% 54% 72.56%
Journal of Organizational Psychology 75% 62% 69.89%
Organizational Behavior and Human Decision Processes 72% 63% 69.33%
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The Journal of Applied Psychology

The Journal of Applied Psychology is one of the top-ranked journals, according to

Scimago-Lab (2018). With an SJR of 4.649, the Journal of Applied Psychology is the most

influential journal in Work and Organizational Psychology. It is one of the most cited journals

out there, which means that both the scientific community and the work field itself relies heav-

ily on the articles published in it. In 2018 the journal was found on place 95 in the replicability

ranking (Schimmack, 2018a), with a mean score of 72,8% from 2010-2018. The results from

the automatic data extraction are troublesome since there are reasons to believe that, in com-

parison, the replication rate of the journal is expected to be even lower with manual coding.

Following this logic, we chose this journal because we believe that it has the most impact on

the field of Work and Organizational Psychology.

Manual or automatic extraction?

In the second study in Motyl et al. (2017), the authors examined the state of replication

and compared studies published between 2003-2004 with more recent articles from 2013-2014.

The authors manually coded new measurements and metrics designed to estimate replicability.

The strength of manually coding, compared to an automatic data extraction like Schimmack

(2015) uses, is that the automatic extraction (AE) might include many statistics that are not

important to the focal research question. If the authors of a paper present several significant

tests in the paper that are irrelevant to the actual research question, the data extraction would

include these numbers in the equation which might end up as misleading results. The power

of having researchers going through every detail of a study will provide more accurate results,

but even researchers make mistakes. The primary critique towards Motyl et al. (2017) is that

they included the wrong statistical tests by selecting the manipulation check, omnibus test, or

the non-focal test (Simonsohn, 2017).

This is where tandem coding comes to hand. The idea is to have at least two coders

simultaneously code the articles. This will not only enhance the speed of the process but also

the accuracy of picking the focal tests. Some of the articles might be hard to decipher, and

therefore, a decision can be made directly instead of being stuck in the process of review.

The tandem coding will also have an external researcher draw and code a random sample of

the articles to ensure the validity of the chosen test statistics. This method is similar to tech-

niques used in other fields, especially when coding scripts in computer sciences. According to

Williams, Kessler, Cunningham, and Jeffries (2000), coders that worked in tandem completed

assignments up to 50% faster. Further, the authors recognized that 90% of the participants pre-

ferred tandem coding instead of solo coding and described it as more enjoyable. Both groups,

students and professionals, stated that they were more confident programming in pairs. A

meta-analysis covering the results of pair programming revealed that the method is not uni-
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formly beneficial but concluded that pair programming is beneficial for achieving correctness

in highly complex programming due to the combined state of knowledge in this field (Hannay,

Dyb[Pleaseinsertintopreamble], Arisholm, & Sj[Pleaseinsertintopreamble]berg, 2009).

The present research

The present study will contain two parts: A replicability report of experimental studies

published in JAP and a validation of automatic extraction. In detail, the goal of this study is to

validate an automatic data extraction in comparison to manual tandem coding (MTC). We will

provide two Z-curves, one using manual tandem coding and one using automatic extraction.

Each Z-curve’s replicability estimate is provided with a boot-strapped 95% CI.

H1: Replicability reports based on manual coding will suggest lower replicability compared

to automatic extraction. The automatic extraction will capture trivial tests (e.g., manipulation

checks), while the manual extraction, which focuses on crucial and bolder predictions made

by the researchers, is expected to achieve a lower replication rate.

Method

Open Science Practices

We pre-registered this project on Open Science Framework (Link to pre-registration:

https://osf.io/by7nd). All our registered procedures, data, materials, R- and Python-scripts are

available at the OSF project page (http://doi.org/10.17605/OSF.IO/E9YQJ).

We believe that transparency is vital to solving many issues in today’s research. For ex-

ample, we see that the open source movement in the tech-industry has contributed dramatically

towards better practices and more innovative work. To be able to create a similar environment

for researchers within the field of psychology, we need a transparent work forum where we can

be creative and share research and thoughts with like-minded.

In the following, deviations from our pre-registration are listed. In our pre-registration,

we stated that we would continue to manually sample test statistics until we reached a 95 con-

fidence interval within 75-85% (10%) range. When we received the CI from the automatic

extraction with over 1000 test statistics, we realized that due to the time limit that criterion

would not be possible to reach. We also proclaimed that we are going to validate the auto-

matic extraction with the manual extraction with a t-test. After assessing the form of result

data, no statistical test seemed to serve this purpose. Therefore, a subjective assessment was

conducted. In the OSF registration statement, there is also a section about data validation by an

independent coder. Due to economic reasons and time, this criterion could not be met for the

present thesis. Instead, difficult studies were discussed with the assigned supervisor. Besides

the statements above, all the procedures were followed as planned.
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Participants

All articles (1951) from 01/01/2000 - 01/02/2019 of the Journal of Applied Psychology

(JAP) were extracted into a document using the export function of Web Of Science. The chosen

articles from the JAP were then randomized with a function called “random.sample(population,

k)“ (pseudo-random numbers), in a Python script. The articles were then screened with a focus

on experimental studies containing test results from F-, t-, and Z-statistics. Other types of

studies were excluded. Each included study generated one test, which is equivalent to one

participant.

Figure 2. The total number of all articles for each year.

Randomization

Within a randomized extraction of articles from the JAP years 2000 to 2019 (until

February), we aim to identify experimental study designs and extract the focal test statistics of

each study. If there is more than one hypothesis in a study and no focal test can be identified,

we let a random number generator choose which one to take. Furthermore, we will describe

and weigh the type of hypothesis. This will be done in order to minimize the impact of non-

focal hypotheses (e.g., group comparisons with obviously large effect sizes or “cat reaction

times vs. apple reaction times”).

Missing data

The study will only apply on experimental designs using either F-, t-, Z-tests. In line

with NHST, we will exclude studies that predict the opposite direction. Articles with a wrong

DOI or that are missing from available databases will not be included in this study.



PREDICTING REPLICABILITY 16

The final sample

After the described randomized extraction procedure was done in Python 3.7

(https://www.python.org/), a total of 375 articles were screened for the mentioned criteria of

eligibility and availability. The final sample consisted out of 73 experimental articles, contain-

ing 112 studies, 430 hypotheses, with a corresponding total of 378 usable test statistics ranging

from the years 2000 to 2016 and 2018. For those hypotheses, we then either chose the focal

hypothesis or tagged the hypothesis when the similarity between and weight of the hypotheses

were evaluated as too high. This left us with 322 weighted focal test statistics. Applying the

previously described random extraction to the cases weighed as similar, we received a total

of 102 focal test statistics, thus matching our previously set goal of a minimum of 100 test

statistics. The Z-curve requires two-tailed test statistics, and in those cases where a one-tailed

t-test was used, the p-value was corrected to fulfill this criterion.

Figure 3. Count of articles and hypotheses with associated z-values.
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Figure 4 demonstrates the procedure of identification, screening, eligibility, and inclu-

sion of the extracted articles from the JAP.

Figure 4. Flow sheet of participants.

Materials

Version disclaimer

We used an unpublished beta version of the now published Z-curve / power graph code.

If questions arise, please contact the authors of the code. The public version can be found at

https://zcurve.shinyapps.io/zcurve19/.

Design

We performed a manual replicability audit on the Journal of Applied Psychology. The

design has similarity to a meta-analysis, where the aim is to derive and accumulate the statistics

from a number of different studies. In order to estimate the replicability, we used the extracted

statistics to calculate the overall total power.

Procedure

General procedure & Tools of analysis. This first approach on manually estimating the

replicability of a journal in Work and Organizational Psychology and validating the automatic

extraction consisted of 102 experimental studies. Our sampling goal was a CI precision interval

of 10%, which was only met on the upper bound. The extracted focal tests included results
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from F-tests, t-tests, Z-tests that are used to test hypotheses. Unanswered hypotheses and

unclear cases were highlighted in our data file.

As described in the Methods section, the focal test statistics were then sampled to be

used in the further practice of the Z-curve. In detail, all transformations and calculations

will follow the most recently updated version of Z-curve (19.01). The sampled test statistics

were converted to z-scores and then entered into the Z-curve analysis (yet to be published R

code/study). The code then determined the number of tests, observed and estimated discovery

rate, and the replication rate with a confidence interval based on the 500 iterations bootstrap-

ping method.

All calculations were made in the statistical programming language R (3.4). To enhance

the validity of our extraction decisions, all extracted focal test statistics were assessed using

the manual tandem coding method in which we simultaneously read and discussed the same

article.

Ethical considerations. All procedures in this study have no interaction with humans or

animals and therefore, follows the ethical standards provided by the American Psychology As-

sociation. There is no intention to target any specific journal for any specific reasons. Instead,

we believe that high replicability strengthens the journal’s position by showing internal validity

among the published articles within the journal.
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Results

Following the pre-registration protocol, the result section is divided into Confirmatory

findings and Exploratory findings.

Confirmatory findings of the Z-curve

The bar staples represent the density of the collected z-values connected to the esti-

mated replication rate. A significant p-value (a = .05) converted to a z-score is equal to 1.96,

which is demonstrated by the red line in the graphs below. The dotted red line is equivalent

to an a-value of .10. The green line is representing a z-score of 2.80, which is interpreted as a

power of 80%. The grey line demonstrates the power curve of the given sample.

Manual tandem coding. A total number of 102 test statistics was accumulated, the z-score

range varied between .001 to 10. A total of 81 studies were significant, and 14 of these were

considered extreme (Z > 6). The power graph reveals that the Journal of Applied Psychology

has an estimated replication rate of sixty-eight percent (68%) with a 95% confident interval

of [43% ; 76%] for the manual tandem coding. The observed discovery rate was 79% [72% ;

87%] 95CI, and the estimated discovery rate was 23% [8% ; 69%] 95CI.

Figure 5. Replication Index power graph for manual coding
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Automatic data extraction. A total number of 1128 test statistics was extracted from the

articles, with z-scores ranging between 0 to 100. A total number of 798 tests were signifi-

cant, and 200 were considered extreme. The estimated replication rate was sixty-seven percent

(67%) with a 95% confident interval of [62% ; 71%] for the automatic extraction. The observed

discovery rate was 71% [68% ; 73%] 95CI, and the estimated discovery rate was 22% [18% ;

34%] 95CI. Due to the violation of the Z-curve assumption of independent test-statistics (sev-

eral test statistics from the same study included), the automatic extraction produced a biased

CI, with the width being too narrow.

Figure 6. Replication index power graph for the automatic extraction

Validating the automatic extraction. As one can see in figure 6, the automatic extraction

yields almost identical results when compared to the manual tandem approach. With differ-

ences in extreme values, with 17.7% in the AE and 13.7% in the MTC, and the confidence

interval being the only vital deviations. This similarity indicates that the automatic data ex-

traction is as good as the manual tandem coding when it comes to generating the replication

rate of a journal. In terms of efficiency, both cost and time-wise, the automatic extraction of all

test statistics, manipulation tests, and superficial tests included, undeniably surpasses the thor-

ough manual assessment procedure of focal tests. However, the manual approach of extracting

articles, studies, hypotheses, and test statistics might be a valid tool to not only validate the

automation but also to gain qualitative insight into the journal. Topics emerging out of this are



PREDICTING REPLICABILITY 21

discussed in the following paragraphs.

Table 2
Table of comparison

Variable MTC Automatic

Replication rate 68% [43% ; 76%] 67% [62% ; 71%]
Observed DR 79% [72% ; 87%] 71% [68% ; 73%]
Estimated DR 23% [ 8% ; 69%] 22% [18% ; 34%]

Exploratory findings

Subjective assessment of the replication rate. A replication rate of 68% is the lowest result

the Journal of Applied Psychology has acquired over the last nine years. It is 4.67 percentage

points lower than the accumulated mean for the same period between 2010-2018, which could

indicate that the replication rate before 2010 was lower than after. This could be a result of only

including experimental studies in our sample. This said we believe that a replication rate of

68% is reasonably good in comparison to other areas within psychology and does not portrait

the field of Work and Organizational psychology as "rotten to the core". The observed discov-

ery rate is slightly lower than usual in psychology, according to Sterling (1959). Meanwhile,

the comparison between the observed discovery rate and the estimated discovery rate indicates

that the JAP selectively publishes significant results. The green line in figure 6 is set at z =

2.8 and implies a power of 80% with a set alpha value of .05. In an ideal scientific scenario, a

bell-shaped curve should hit its peak right here; sadly, it is not.

Further analysis of results. As the qualitative work on articles took a considerable part of

the thesis, some may be somewhat arbitrary descriptive statistics crossed the line of thought.

In order to provide an overview of the articles, a link to a copy of the data-set (Google sheet) as

well as more illustrative numbers and figures within this text are displayed. Also, those char-

acteristics of the articles can be treated as this sample’s descriptive variables, replacing gender,

age, or wage. For example, Figure 3 shows the article with the highest amount of hypotheses

(22), all rendered into one study, most of them above the significance level of 1.96. This ratio

accurately mirrors the data-set, since 73% of the 298 calculated z-values lie beyond this thresh-

old. In addition to numerical values, the factual statement of each incorporated hypothesis, as

well as their counterpart in the form of the result statement (partly or whole) were extracted.

Statements were tokenized and cleaned with the help of two Python packages called TextBlob

(https://textblob.readthedocs.io/en/dev/) and NLTK (https://www.nltk.org/). This procedure

identified that the average factual statement consists of 27 words and 192 characters, while
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the most extended factual statement contained 103 words and 643 characters. When look-

ing at the result statements, the frequency of the used vocabulary, especially with words like

support*ed and significant*ly, matched the excessive amount of significant z-values (Figure

7).

Figure 7. Plotted word frequency, cleaned for stop words.

Discussion

As one can see in figure 5, there is a sharp drop at z = 1.96, which suggests publication

bias. The results indicate that the selection of significance is high in the Journal of Applied

Psychology. In combination with the "Publish or perish" phenomena discovered by Sterling

(1959), this could result in an over-representation of low powered studies. This finding is

not unusual among prestigious journals, and it strengthens the need for replication audits and

studies even within the field of Work and Organizational Psychology.

There are also vast differences between scores of z = 1.95 and z = 1.96 in both power

graphs (marked by the red line in figure 5 & 6). This shift is clear evidence of p-hacking,

according to (Schimmack & Brunner, 2018). The wide range of the CI interval in the manually

extracted results is worrisome. This might be due to the nature of heterogeneity in the sample

but also to the number of test statistics. Both aspects could reduce the strength of this validation

attempt. The observed discovery rate seems to be higher when using the method of MTC 79%
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[72% ; 87%] in comparison to the automatic extraction 71% [68% ; 73%], which may be

a result of the increased extreme values in the automatic extraction but could also be noise.

Another explanation for the wide CI is that the Z-curve might be using a CI interval more

conservative than stated. In other words, it may need more tests in order to be more accurate

and to narrow the gap between the upper and lower bound.

By only choosing experimental studies (F-, t-, and z-scores) we seem to end up with

values that are either tangling the edge of significance with low power or with values that are

extreme in the other end (Z > 6). This selectivity might affect the replication rate’s lower end.

On the other hand, this can be interpreted as a sign of how modern research is conducted.

Either we do exploratory experiments with high p-values trying to discover new facts or test

new theories, or we do experiments with very robust results. The problem with this is that,

when published, few people other than researchers read the results in such an accuracy, thus,

failing to interpret what is good research practice and what is not. With the help of the power

graph, one can interpret expected replicability for different values of Z. In the present sample,

one can see that a z-value of almost four is equivalent to the statistical power of 80% and

z-scores close to significance (Z = 1.96) only reach approximately 30% of estimated power.

This gives a good indication of how we should interpret the published p-values even if they

are significant. To make full use of the Z-curve’s features, we also point out the urgency that

is publishing exact p-values, instead of p < .05 which is the more common one, should be the

gold standard.

During calculations, we noticed that using Microsoft Excel for formatting test results

into exact p-values was a bad idea. The scripts "tdist" and "fdist" round low values into 0, which

in turn skews the results when putting those values into the Z-curve. The results from p-values

with ten digits differed from the values calculated with the "dist" functions. A solution for that

problem might be to either compute those values to a z-value of 6, which is the equivalent of

99,997% statistical power or the use of a more exact tool.

If relying on an automated extraction is the most efficient way to assess scientific con-

tent, a further blind spot of the Z-curve emerges. In a way, the "garbage in garbage out" analogy

of meta-analyses is also valid for analyses with the Z-curve. The statistical result of a focal

test, F(1, 33) = 9.61 as an example, is, in its essence, just that. There are no qualitative priors

about the integrity of hypotheses or result statements, the nature of the sample or wrong reports

in general. While filling the Z-curve with strongly powered results like the one stated before,

it lacks in weighing the factual and the result statements as well as manual data-manipulations.

In the following, this thesis illustrates the difficulty of evaluating the literature on a few

examples.
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Next, we tested whether the differences in entitlement beliefs about being hired

extended to entitlement beliefs about annual pay. Approximately 16% of respon-

dents had given answers less than 1000 which were presumably shorthand; these

responses were multiplied by 1000.

(Kappes, Balcetis, & De Cremer, 2018)

Instead of abandoning the identified entries from their data-set, the authors decided to

create their outliers. Later on, a log transformation is done to reduce the impact of freshly

created outliers. It remains a question if that 16% have had a substantial amount of influence

on their results or not. Moreover, it remains a question of how to handle a replication of this

study. Would one have to expect a similar error rate in the sample? Would there have to be a

rule for values under 1000? Would the replication strive for the best practice and treat errors

as missing data?

Hypothesis 1: Improved supervisory safety practices will result in better subunit

safety records.

Hypothesis 2: Improved supervisory safety practices will result in higher safety

climate in organizational subunits.

Hypothesis 3: Improved supervisory safety practices will result in higher rates of

earplug use in organizational subunits.

(Zohar, 2002)

In this example, a highly cited article (585; Google Scholar, 2019), we excluded the

results of hypotheses 1 and 3. In our assessment, the excluded hypotheses tested the obvious

(H1 and H3) and had errors in their reported values. Testing the obvious might not be the

wrong thing to do in many exploring disciplines. In this experimental study, the addition of the

variables earplug use and safety records / Microaccidents to the, more complex, safety climate,

seemed like a push for significant results. Using statcheck (Epskamp, 2016), we also identified

wrongly reported p-values. A reported p < .001 (H1) turned out to be a p = 0.004 and a reported

significant result with p < .05 (H2) was a not significant one with p = .06. Ultimately, those

reasons combined led us to the conclusion that only H2 can be treated as the focal hypothesis.

Aside from this, we also identified several cases of unanswered hypotheses, unreported

results, wrongly reported p-values and bent boundaries of significance. Those factors could

have been easily checked within a thorough peer-review process. The results of the present

study can be reviewed and evaluated in an openly accessible data-set, available on the OSF

data page linked in the result section. We are aware of the fact that most of those problems are

problems created by the "publish or perish" system, and not a single researcher is to blame.

However, every single researcher and reviewer should ask the question, if they want to race the

retraction or contribute to the one unifying cause: science.
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Further directions

Since some articles did not have a specific focal test, the replication study will differ

depending on which tests that are randomly included in the study. In order to have an exact

value, the data has to be the same in every test. Therefore we suggest changing the replication

index from an exact value into a ranged value. In other words, do several replicability reviews

and present the combined results.

Previous literature shows clear patterns that between-subject designs have a lower repli-

cation rate in comparison to within-subject designs. This would be an interesting addition since

most of the research in Work and Organizational Psychology is based on a between-subject de-

sign. In order to get to the core of failed replications, we need to address every aspect of our

field to be sure that all of our methods are used properly.

The need for pre-registration cannot wait another day. Questionable patterns and biased

results emerge when using statistical calculations based on biased articles. If we want to break

the chain of bad science, there should not be a place for hiding research, such as "file drawers".

Researchers need a place to publish nonsignificant results in order for science to take the next

step towards rigorous methods. Imagine how much time we could save if we are not ought to

do the same study several times to get the same insignificant results. We would improve our

methods and our general view of the research area greatly.

Further research should also aim to create open source tools and code that can help

other researchers to do replication audits. The long tail of this research would be a "best

practices" for doing replication studies, where the need for guiding templates and working

methods, in order to be time and work efficient, is high. Here, we aim to create a manual

on how to assess the high diversity of studies in a more standardized way. As an example,

providing clear categories will increase the reading efficiency of humans and machines alike.

As mentioned before, the only way to regain trust after the replication crisis is by estab-

lishing a more open environment. When treated as an enclosing environment, openness is just

one part with many obvious sub-parts like providing access to data, preregistration of hypothe-

ses, or free access to literature. Aside from those factors of a more technical and objective

nature, an open environment should also be enriched with a skeptic way of thinking about its

research. It might be the impalpable nature of constructs like transformational leadership, the

construal level theory, or the goal-setting theory, which turns them in the mind of their creators

into a form of an art piece. In turn, this might then set the attached researcher into immediate

personal defense, as soon as their construct is the perceived victim of vicious and unfair cri-

tique. Since this defense against any critique can be seen as a form of ignorance, Popper would

be still right when saying, that scientists treating their theory as the one truth to rule them all,

render believed knowledge into unscientific ignorance (Popper, 1979).

A future goal of this study is to improve science-based decision making at work. With

the estimated power from the power graph, researchers, in both the private sector and the
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academic field of Work and Organizational Psychology, could make a better decision when

assessing a study. They then can compare the results of the used study on a basis of estimated

power in order to see if the science and theories are validated and reliable. To be able to

make a better prediction, statistical power plays an essential part. With estimating replicability

and significant results, organizations can further use previous research and data within the

company to evaluate future implementations and use of models. With its simple interface, they

can easily use the R-Index tool at the company in order to assess the efficiency and progress

at the research department. Expanding on more statistical tools at work will further nurture

a data-driven environment, in which intuition about data and outcomes will be replaced by a

more objective evaluation and basis.

The open science movement is also an important step towards the future of science. To

be able to increase transparency, the academic world needs to figure out a functioning process

in order to make pre-registrations achievable for the private sector. A functional and easily

applicable system is the next step for big organizations to create a more transparent setting

which, in turn, will create a robust model for future work-related decisions.

The utopian future would emphasize on a robust methodological understanding embed-

ded in a forgiving and learning-friendly environment for experienced and aspiring researchers

alike. Thus, the qualitative and quantitative assessment, in addition to the replication, of pre-

vious research can aid us as a further step in achieving this future.
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