
A Conceptual Framework for Computational
Reproductions: Formal Definitions and

Epistemic Functions

Florian Kohrt¹, Filip Melinscak², Richard McElreath³, Felix D. Schönbrodt¹

¹ Department of Psychology, Ludwig-Maximilians-Universität München, Munich, Germany
² Faculty of Psychology, University of Vienna, Vienna, Austria

³ Department of Human Behavior, Ecology, and Culture, Max Planck Institute for
Evolutionary Anthropology, Leipzig, Germany

Author Note

Florian Kohrt https://orcid.org/0000-0003-0374-5625

Richard McElreath https://orcid.org/0000-0002-0387-5377

Filip Melinscak https://orcid.org/0000-0001-8767-358X

Felix D. Schönbrodt https://orcid.org/0000-0002-8282-3910

FK was funded by the German Research Foundation (DFG SCHO 1334/6-1,
awarded to Felix Schönbrodt) in the META-REP Priority Program (SPP 2317). FM
was supported by the Austrian Science Fund (FWF) (grant DOI:10.55776/ESP133).

Correspondence concerning this article should be addressed to Felix Schönbrodt,
Department of Psychology, Ludwig-Maximilians-Universität München, Munich,
Germany. Email: felix.schoenbrodt@psy.lmu.de

Pre-print, version 2.1 from 2024-12-05. Not peer-reviewed yet, use at your own risk.

The authors would like to thank Daniel Krähmer, Laura Schächtele, and Julian Möbus
for their helpful comments on earlier drafts of this paper, and Daniel Leising for the
helpful description of VAST displays.

Please cite as:

Kohrt, F., Melinscak, F., McElreath, R., Schönbrodt, F. D. (2024). A conceptual
framework for computational reproductions: Formal definitions and epistemic
functions. Zenodo. https://doi.org/10.5281/zenodo.10053573

1

https://orcid.org/0000-0003-0374-5625
https://orcid.org/0000-0003-0374-5625
https://orcid.org/0000-0002-0387-5377
https://orcid.org/0000-0002-0387-5377
https://orcid.org/0000-0001-8767-358X
https://orcid.org/0000-0001-8767-358X
https://orcid.org/0000-0002-8282-3910
https://orcid.org/0000-0002-8282-3910
mailto:Felix.Schoenbrodt@psy.lmu.de
https://doi.org/10.5281/zenodo.10053573


Abstract

Reproductions, which we define as “redoing activities” that work with the same data and aim
to keep the computation as similar as possible, enable the verification of a scientific work.
We seek to advance the understanding and conduct of reproductions by providing a
conceptual framework and guidance to reproducers. In the first part, the epistemic function
of reproductions and direct replications with regard to mistakes – and faults as a
consequence – is discussed. In the second part, the logic underlying reproductions is
formulated, accompanied by formal definitions of central terms. The third and final part will
provide practical guidance on reporting reproductions. In short, a reproduction should involve
checking the coherence of relevant instructions, performing another computation, and
comparing the results for consistency. Evaluating the consistency means exploring the
impact of computational choices on results before suspecting faults as a last resort.
Computational choices are necessitated by obstacles such as underspecification and
grounds for conflicting choices. Regarding faults, four cases are emphasized: (1) incoherent
descriptions, (2) different data, (3) different source code, and (4) incorrect reporting of
results. Separate from evaluating the consistency of results, reproductions can investigate
their support for a claim. Finally, improper reporting practices can reduce the epistemic value
of reproductions. Therefore, reproducers should also report the scope of their reproduction
by detailing, among other things, which materials were consulted and to what extent any
data were already preprocessed.

Keywords: error, mistake, fault, reproduction, replication, meta-science, conceptual
framework, verification, formal model, guide, epistemic function, uncertainty

1. Introduction and Previous Research
The advent of open science in the past decade has given rise to many recommendations for
improving the computational aspect of one’s research (Kohrt et al., 2024; Krafczyk et al.,
2021; Mineault et al., 2021; Sandve et al., 2013; Wilson et al., 2017) or its independent
verification (Ankel-Peters et al., 2024; Arguillas et al., 2022; Berkeley Initiative for
Transparency in the Social Sciences, 2020; de la Guardia et al., 2024; Pilgrim et al., 2023;
Stodden, 2015; Wilensky & Rand, 2007; Zhang & Robinson, 2021). However, researchers
still face several challenges during such “redoing activities”1 – scientific activities that redo
some phases of a previous study. For example, when verifying the data analysis or the
simulation published in a previous study, the study may contain multiple results and the
researchers’ time and resources may not be sufficient to calculate all of them. Then, it is up
to the reproducers to select an appropriate and indicative set of results to reproduce, even if
the original study does not contain any hints in this regard. Furthermore, the data may be

1 Similar concepts also go by the name reanalyses (Welch, 2019) and repetitive research (Schöch,
2023).
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unavailable or only in preprocessed form. Similarly, the source code may have not (or only
partially) been shared and may not run. Moreover, even if results are obtained eventually,
they may differ from the original results, and one wonders whether the verification was
successful. Finally, the authors are often no longer available to ask for clarification. This
article sets out to improve on the status quo by advancing the understanding and conduct of
redoing activities with an emphasis on the computational aspects.

In existing conceptual work on redoing activities, it has been noted that fields differ in how
they call various redoing activities (Barba, 2018) and that many definitions confound the
activity, the ability to conduct it, and its result (Penders et al., 2019). Plesser (2018) even
speaks of a “confused terminology”, although – or maybe because – many unifying
definitions are being proposed. For example, Heroux et al. (2018) call for a compatible
usage of the terms “reproduction” and “replication” across disciplines, suggesting a focus on
internal consistency for the former (“doing things right”) and a focus on external consistency
for the latter (“doing the right things”). Others developed approaches to systematically
categorize such activities along different dimensions (e.g., Dreber & Johannesson, 2024;
LeBel et al., 2018; Nichols et al., 2017; Patil et al., 2016a; Schöch, 2023). In particular,
Goodman et al. (2016) specifically differentiate the provision of details (“methods
reproducibility”), obtaining the same results (“results reproducibility”), and drawing similar
conclusions (“inferential reproducibility”). In a similar vein, Ulpts and Schneider (2024)
suggest differentiating redoing (e.g., reproducing a previous study) from enabling (e.g., being
transparent about the data analysis). They hold that researchers should state explicitly what
is being enabled or redone and for what reason rather than relying on a particular
terminology. To summarize, the existing literature on terminological issues suggests
differentiating the act of enabling, the act of redoing, obtaining the same result, and reaching
the same conclusion. This distinction is also echoed in the present article.

The reason for conducting a redoing activity relates to its epistemic functions, which also
have been studied from a meta-scientific perspective. For example, Matarese (2022) details
how changing irrelevant or relevant factors of a study allows for evaluating its reliability and
validity. Schmidt (2009) specifically discusses five epistemic functions of redoing activities
that collect new data: controlling for sampling variability, internal validity, and fraud, as well
as generalizing results and verifying hypotheses. Bayarri & Mayoral (2002) highlight four
goals of a replication: reduction of random error, validation (confirmation) of conclusions,
extension of conclusions, and bias detection. Steiner et al. (2019) have developed a
framework that allows for a causal interpretation of replication failures. López-ibáñez et al.
(2021) also consider redoing activities that recreate digital objects like source code and
mention that they are unlikely to contain the same faults, thus hinting at their function for
detecting mistakes. Clemens (2017) is even more explicit in this regard: Redoing activities
that use the original data set or sample and thus expect “materially the same results” (p.
327) can identify issues with measurement, coding, and data set construction, as well as
scientific misconduct.

However, the epistemic functions of redoing activities that work with the original data (in the
case of empirical works) and aim to keep the computation (e.g., a data analysis) as similar
as possible (in the following, “reproductions” or synonymously “computational
reproductions”) have received little systematic attention, and one is left with little guidance on
what makes a result “materially the same”. An exception to this comes from LeBel et al.
(2018), who propose four dimensions for evaluating the credibility of scientific findings, which
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they call “method and data transparency”, “analytic reproducibility”, “analytic robustness”,
and “effect replicability”. Like Nuijten et al. (2018), they propose a multistep approach to
evaluating studies with redoing activities but also provide brief standardized workflows,
including a 10% rule for comparing the original with the reproduced result. This rule balances
rigor and usefulness as discussed, for example, by Patil et al. (2016b), for redoing activities
that involve collecting new data. However, it falls short of accounting for ambiguity in the
description of the data analysis. On this matter, Artner et al. (2021) propose to differentiate
the correctness from the vagueness when evaluating the reproducibility of numerical results.
Correct results can be reproduced without violating the data analytical descriptions in the
study. The reproducibility is vague, however, if the descriptions allow for multiple correct
results. This distinction allows putting results into the context of their description and is also
reflected in the present article.

Following the lack of research on the epistemic function of reproductions, section 2 of this
article introduces their verifying function and explains what can be learned from their
conduct. Section 3 explains their underlying logic and defines central terms around them.
Section 4 provides practical recommendations on their conduct and reporting and discusses
its possible outcomes.

The challenges described initially relate to different issues when verifying the results of
existing research:

● Target selection refers to which of the many results a redoing activity should focus
on.

● Issues with data and code relate to their lack of availability, provenance,
correctness, and executability.

● Evaluation of results is difficult when identity is expected but frequently not
encountered. In the case of figures, standards for comparison may even be lacking.

● Aggregation is the issue of integrating and reporting multiple results, both on the
level of individual studies and across them.

This article will focus on issues with data and code and the evaluation of results, though it
will also touch on the other issues.

Note that we strive to use consistent language for identical concepts throughout this article –
although any statements only pertain to the concepts rather than the labels we assign to
them. For example, a scientific work that is the target of a reproduction attempt is referred to
as the original work, its authors as original authors, and its results as original results. The
counterparts to these terms are a reproduction, reproducers, and reproduced results.2

Further, we use the terms mistake and fault according to international standards
(International Organization for Standardization, 2017) by distinguishing a human action (a
mistake) and its manifestation (a hardware or software fault).

2 Importantly, a reproduced result is the one that corresponds to a particular original result, but is not
necessarily identical to it.
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2. The Verifying Function of Reproductions
In the following section, we describe where mistakes in the research process can occur,
which redoing activities can detect the resulting faults, and how their combination can be
insightful.

Research producers (i.e., the authors of an original work) commonly recognize and
communicate their state of uncertainty about obtained results and try to quantify parts of it by
making stochastic assumptions, for example, when inferring from a sample to a population
and by providing confidence intervals. Similarly, most fields consider the effects of
measurement errors, for example, using structural equation models in the social sciences
(Hoffmann et al., 2021) or via propagation of uncertainty in physics. In the computing
sciences, interval analysis can be used to investigate the limits of floating-point operations
(Diethelm, 2012).

However, research consumers (i.e., an original work’s readers) are confronted with more
potential sources of uncertainty that the research producers have not considered or not
reported, contributing to an information asymmetry between them (Young, 2009). A
prominent example is researcher degrees of freedom, that is, the multitude of data collection
and analysis options, which may call the robustness of a given result into question if only
one path is reported (e.g., Botvinik-Nezer et al., 2020; Breznau et al., 2022;
Huntington‐Klein et al., 2021; Menkveld et al., 2024; Silberzahn et al., 2018). Equally,
publication bias and questionable research practices might distort the results of a
meta-analysis (Carter et al., 2019). As is the case with the uncertainty of research
producers, research consumers can attempt to reduce their uncertainty, as is exemplified by
robustness checks3 and studies that analyze publication bias (Franco et al., 2014).

Another instance of uncertainty among research consumers that is of interest to this article
concerns the existence of faults within the computation of an original work.4 Redoing
activities that deliberately redo some phases of a previous work as close to the original intent
as possible while inheriting5 all remaining phases can reduce this uncertainty – we refer to
this internal consistency check as “verification”. Verification is only one of many possible
epistemic functions of reproductions – for example, in their review of the literature, Ulpts &
Schneider (2024) also mention learning, training, and understanding. In the following,
however, only the verifying function of reproductions will be detailed. In particular, we focus
on two kinds of reproductions that both work with the original data and discuss a “direct
replication” in comparison:

● Re-executing the original source code on the original data (“re-execution
reproduction”). Usually, the methods section in the article is not considered here.

5 In this context, inheriting a phase from an original work means that it is only performed once across
original work and reproduction and its product feeds into the following phases and is thus identical for
them.

4 Note that we assume honest actors and always attribute to a mistake rather than fraud – though we
don’t expect maximal transparency.

3 A multitude of names exists for similar concepts across disciplines, for example multiverse analysis
(Steegen et al., 2016), sensitivity analysis (Saltelli, 2008), specification search (Leamer, 1978),
vibration of effects (Patel et al., 2015), multimodel analysis (Young & Holsteen, 2017), or Bayesian
model averaging (Chatfield, 1995).
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● Re-implementing the source code and running it on the original data
(“re-implementation reproduction”). Usually, it is only based on the methods section
of an article, not considering the original source code.

● Collecting new data and re-executing or re-implementing the source code (“direct
replication”). In the following, we only discuss the case where the source code is
re-implemented.

All three activities represent particular sets of phases that are redone out of all possible
phases of a simplified research process, as detailed in Figure 1: data collection, data entry,
modeling, reporting. Here, every phase covered by the colored area of a redoing activity is
done again according to the description in the original work, while all remaining phases are
directly inherited (i.e., not redone) from the original work. For example, for a
re-implementation reproduction, one inherits the data collection and data entry of an original
work, attempts to redo the model, and reports the results again. The data collection phase is
further differentiated into sampling, experimental manipulation, and measurement. For the
modeling phase, implementation and execution of a model are differentiated, which is
important for some reproductions.6 Here, execution involves running an implementation
within a computational environment.7 Of course, not all phases are part of every research
process. Also note that these three redoing activities represent prototypical cases that may
blend in reality. For example, a re-implementation reproduction might incorporate portions of
the original source code rather than writing everything anew. However, in the following, we
only consider the typical case.

7 By computational environment we refer to the hardware and software setup which is utilized while
calculating the results.

6 Execution and implementation may also be inseparable, as is the case when using a pocket
calculator.
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Figure 1

Simplified Research Process With Its Possible Phases, Enclosed by Redoing Activities and
with Associated Reasons for Differences in Results (a) through (f)

Note. Not all phases are part of every research process. (a) “data collection deviation” is a collective
term that includes sampling variability, sampling bias, erroneous measurements, and other biases that
can be introduced during data collection. Similarly, (b) “data entry deviation” is caused by all sorts of
choices and mistakes, including decisions during digitalization of the data and typos.

While inherited phases should be identical between the original work and the redoing activity
(i.e., are performed only once with their product feeding into the following phases), redone
phases may deviate despite aiming for equality. For every phase, Figure 1 indicates
associated reasons for differences in results as circled letters (a) through (f). These must be
considered if, and only if, the respective phase is redone and the obtained result of a redoing
activity is not the same.8 Both identical and non-identical results influence the reproducers’
state of knowledge about associated reasons by providing evidence for or against them. This
simplified research process assumes that choices by the reproducers and mistakes by
original authors or reproducers are solely responsible for different results obtained by
reproductions. However, no choices are possible while reporting results, and no mistakes
can happen during the execution of a model. Further, we differentiate an implementation
mistake (made while implementing a data analysis or a simulation) from a reporting mistake
(happening when writing up the results during reporting) and reproductions can detect both

8 By same we mean exact numerical identity, at the maximum precision that the representation of a
result allows. Section 4 of this article introduces consistency as a measure of “sameness” that takes
into account underspecified descriptions and conflicting choices.
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of them,9 as will be detailed next. In general, mistakes may also happen earlier and result in
deviations during the data collection or data entry, though they are not the primary focus of a
reproduction. We use “deviation” as a generic term for the difference between an original
and a redone phase, which can have all sorts of reasons, including statistical variability,
biases, faults, and varying choices. Mistakes that happen later, that is, when interpreting the
results, are also mostly ignored by reproductions, though we touch on them in section 4 of
this article when discussing “inappropriate inferences”.

Figure 1 details the verifying function of certain redoing activities and helps to attribute
differences in results to their possible reasons. For example, consider the case where the
computation described in a work (e.g., a data analysis) has been re-implemented, resulting
in a different effect size than originally reported. The re-implementation reproduction in
Figure 1 is represented with a blue area covering three phases (implementation, execution,
and reporting) that are redone, and consequently, four potential reasons for differences in
results: environment choices (e) or implementation choices (c) by the reproducers, mistakes
during the – original or redone – implementation (d), or reporting mistakes during manuscript
preparation of the original work or the reproduction (f). The data are inherited from the
original work, and thus, nothing during data collection or data entry can account for
differences in results. Note that this allows for no statement whether the inherited phases
were performed in a sensible and appropriate fashion. If the original authors made
nonstandard or suboptimal decisions during data collection, an otherwise reasonable data
analysis does not fit, and one would possibly criticize the original work, rather than the
reproduction for this.

The same information is presented in condensed form in Table 1. It displays the state of
knowledge about reasons for differences in results for three different redoing activities
depending on the method of comparison. For now, only the comparison for identity is of
interest. In the example, all columns with a large disk in the row Re-implementation
reproduction→ Identity→ Non-identical are possible reasons for different results: reporting
or implementation mistakes while conducting the – original or re-implemented – work, the
environment choice, and an implementation choice (e.g., due to an insufficient description of
the computation). If, in contrast, the re-implementation reproduction had resulted in identical
results, all potential reasons indicated by a small disk can be considered unlikely. The equals
signs of that row indicate that the re-implementation reproduction shares the sampling
variability and any other data collection or data entry deviations with the original work.

9 More specifically, reproductions can detect faults that cause the computation to be at odds with its
descriptions or, by extension, with any data or results the descriptions refer to.
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Table 1

Redoing Activities and the State of Knowledge Their Result Implies About Potential Reasons for Differences

Redoing activity Comparison Outcome Reporting
mistake

Environment
choice→
different

environment

Implementation
mistake

Implementation
choice→
different

implementation

Sampling
variability

Other data
collection
deviation

Data entry
deviation

Re-execution
reproduction

Identity
Identical • • = = = = =

Non-identical ⬤ ⬤ = = = = =

Consistency

Consistent (but
non-identical) ⦿ ⬤ = = = = =

Inconsistent ⬤ ⦿ = = = = =

Re-implementation
reproduction

Identity
Identical • • • • = = =

Non-identical ⬤ ⬤ ⬤ ⬤ = = =

Consistency

Consistent (but
non-identical) ⦿ ⬤ ⦿ ⬤ = = =

Inconsistent ⬤ ⦿ ⬤ ⦿ = = =

Direct replication Consistency
Consistent ⦿ ⬤ ⦿ ⬤ ⬤ ⦿ ⦿

Inconsistent ⬤ ⦿ ⬤ ⦿ ⦿ ⬤ ⬤

Note. The original and the reproduced result can either be compared for identity or for consistency (as described in section 4 of this article). The size of disks
indicates the importance of various reasons for differing results. A small disk (•) indicates that there is no difference or that a reason is less important. A large
disk (⬤) indicates a potentially important reason for non-identical or inconsistent results (but we do not know which one if a row contains more than one). A
circle around a small disk (⦿) indicates that a reason is possible, but the caused difference is probably small in comparison to reasons with a large disk.
Disks are red if results are likely non-identical or inconsistent due to a mistake and green otherwise. The equals sign (=) indicates that the phase containing
this reason is inherited and, therefore, assumed to be identical. Therefore it cannot by itself be responsible for differences in results, while at the same time,
issues in that phase cannot be detected.
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Returning to the scenario where the re-implementation reproduction resulted in non-identical
results, one cannot conclude which of the potential reasons with a large disk in Table 1 are
responsible for the difference. To narrow it down further, a re-execution reproduction can be
performed. Assuming that it leads to identical results as originally reported, reporting
mistakes and environment choices common to the re-implementation and the re-execution
reproduction can be considered unlikely because they have a small disk in the respective
row of Table 1. Hence, implementation choices and implementation mistakes (either while
conducting the original work or the reproduction) remain as potential reasons. Section 4 of
this article discusses how these can be discerned by evaluating the consistency of results.

Most informative are cases where a large set of reasons can be ruled out (indicated by small
disks), or a small set of reasons is identified (indicated by a large disk). If successful, we
learn more from an re-implementation than from a re-execution reproduction, while it is the
other way around if they produce non-identical results. The previous example also illustrates
how different redoing activities can be combined to learn more about particular reasons for
differences in results. Notably, no evidence against implementation faults can be produced
by a typical re-execution reproduction, as it does not consider the description in the methods
section. Because the term reproduction can also refer to a re-implementation reproduction,
which differs in its verifying function, we recommend always indicating which exactly is
conducted. However, when it comes to atypical cases, even this distinction is not sufficient,
hence section 3 of this article introduces the concept of a reproduction’s scope, which we
also recommend to report.

Of course, by using Figure 1 and Table 1 to identify possible reasons for differences in
results, one makes certain assumptions, which, if violated, invalidate the conclusions. This
concerns, in particular, the inherited phases and whether their product is actually identical.
For example, if reproducers obtain the source code from the original authors of a study, they
operate on the belief that it is indeed the exact version that produced the study’s result.
Instead, the authors could have (unintentionally) sent an old version of the code. Only if
data, computation, and reporting are kept together via executable research compendia
(Gentleman & Temple Lang, 2007; Nüst et al., 2017) can one be reasonably confident that
they stayed constant. As another example, data might have been preprocessed, either for
usability reasons or, by necessity, due to resource limits. This leaves some mistakes
undetectable during re-implementation reproductions, possibly without the knowledge of
reproducers. For this reason, Table 1 should only be treated as a heuristic guide, providing
evidence for or against particular types of mistakes, but not making definitive statements.
These and other possibilities are considered in section 3 of this article.

3. Defining Reproductions
In this section, we sketch the logic of reproductions before formally defining reproductions
and surrounding concepts by creating formalized displays.

The Logic of Reproductions

Up next, we first describe the logic of a reproduction: one possible goal, the procedure to
meet that goal, and the preconditions. Next, we explain how the presence of faults is
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determined. Finally, we describe two obstacles that are commonly faced during
reproductions.

One goal of a reproduction can be to verify that the computation of a selected set of results
corresponds to its specified choices, as defined in one or more descriptions. Examples of
computations include data analyses but also simulations that do not require data. The
computation itself is uncertain10 but constrained by its descriptions, the results, and, for
empirical studies, the data. Therefore, a reproduction involves creating another computation
using the descriptions, inheriting the data, and comparing the reproduced with the original
results. The comparison is the main outcome of such a reproduction. It follows that the
availability of at least one description, one result, and, if applicable, data are preconditions to
performing a reproduction. Beyond the comparison, optionally, the support for the claim can
be evaluated.

In section 2 of this article, the comparison for identity has been discussed. If the results are
exactly the same, one can conclude that the original computation has likely been performed
as described11. If they do not match exactly, however, Table 1 lists mistakes and
computational choices (i.e., environment choices and implementation choices) as possible
reasons. Only mistakes should make a verification fail, because computational choices are
necessitated by insufficient descriptions or a lack of resources (such as special software
requirements), neither of which automatically threatens the internal consistency of a work.12

Consequently, such obstacles should be taken into account: Rather than demanding identity,
we suggest that results are called “consistent” if they differ no more than what is expected
due to obstacles and given the methods standards chosen by the reproducers. This also
provides an alternative to the suggestion by LeBel et al. (2018) to always allow for a
difference of 10%.

Therefore, it is necessary to understand the reason(s) for the observed difference between
the original and the reproduced result. Estimates for the difference introduced due to the
reproducers’ computational choices can be considered, for example, by demanding that
results only match up to a certain precision rather than exhibit exact numerical identity: If it is
known that the result of a stochastic algorithm is robust up to the fifth digit across multiple
runs, any larger differences may be attributable to faults.

In the following, actions that cause a computation to be at odds with its description are
considered mistakes, manifesting as faults. A common mistake in the context of
reproductions is writing incoherent descriptions. Other erroneous actions, such as choosing
inappropriate statistical methods, might be considered mistakes in different contexts but are

12 It is at the reproducers’ discretion to set the standards for any methods and thus define how to
evaluate the internal consistency. Thus, for example, this includes the evaluation whether the choices
made in the source code are consistent with the instructions in a methods section.

11 Technically, the original computation could still deviate from its description but accidentally give the
same results as during the reproduction. If the domain of possible results is constrained (either
discrete or for some other reason only certain values are possible), then this becomes more likely. In
the special case of forensic reproductions where it is not acceptable to err, additional provenance
might be required to continue at this stage.

10 For example, a graphical data analysis software leaves no trace after it has been used. But also
source code is often not enough to determine exactly what has been computed, for example, due to
changes induced by dependency versions or hardware.
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not the primary focus of a reproduction.13 Once faults are suspected, limited resources may
prevent reproducers from investigating further, even if identifying them would be a valuable
contribution. The identification typically involves the reproducers obtaining the same faulty
result and a proper explanation. Alternatively, such an explanation might be provided by the
original authors. In addition to the identification of faults, a reproduction can improve the
scientific literature if it also reports the results after correcting all faults.

Obstacles can prevent reproducers from (initially) obtaining a result. In the following, two
common types of obstacles are differentiated (although there may be others). First, the
descriptions of the computational steps may be underspecified, providing too little
information for the reproducers to know exactly what to do and making them choose any
appropriate option. Second, although knowing what to do, the reproducers might be unable
to follow the descriptions to the last detail, requiring them to deliberately deviate from the
descriptions to obtain any result. In general, obstacles require the reproducers to make
computational choices that potentially cause deviations from the original computation.

In case the original authors have shared the full source code, the reproducers might be able
to directly identify faults as the reason for an inconsistency. However, if the source code has
not been shared, underspecified descriptions and conflicting choices can complicate the
identification of faults. This is because both have the potential to completely explain
differences between results. For example, if the reproduction uses a different statistical
software, at first glance, this might be considered the sole reason for a different result. Only
by investing additional effort and attempting to assess how much difference between results
the choice of software actually explains can one reasonably suspect or rule out faults as an
additional reason for different results.

Box 1

Summary: Logic of Reproductions

● Goal: A reproduction checks whether a selected set of results from a computation
can be obtained by following the descriptions and, if applicable, involving the data.
To this end, we suggest comparing the original and reproduced results for
consistency rather than identity.

● Procedure: Original and reproduced results are compared. If differences are
observed, reproducers attempt to systematically explain them and attribute them to
computational choices due to resolved obstacles or to faults.

● Obstacles: Obstacles can (initially) prevent reproducers from obtaining a result.
These include underspecification and grounds for conflicting choices.

● Mistakes: Actions that cause a computation to be at odds with its description are
mistakes, such as writing incoherent descriptions. They are either identified by
closely studying the available materials, possibly with the help of the original
authors, or they are suspected by ruling out other possible reasons for differing
results. If identified, reproducers may provide corrected results.

13 However, such concerns can be raised if a reproduction also chooses to evaluate the claim(s) of the
original work.
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● Results: The reproduced results are consistent with the original results if their
difference can be explained by the obstacles reproducers encountered.

Busy readers may skip the following formal definitions and immediately jump to their
summary in Box 2.

Introduction to VAST Displays

In the rest of this section, we present formal definitions for central terms around
reproductions. Starting with computations and descriptions, we delineate what reproductions
are about at their core. We continue by defining scientific works and reproductions before
exploring three reasons why a reproduced result can differ: underspecification, conflicting
choices, and faults. Finally, we highlight the central importance of source code for
reproductions.

Certain statements are accompanied by figures representing formalized depictions of our
definitions using the visual argument structure tool (VAST; Leising et al., 2023). They start
with the number of the VAST display and the specific number of that statement in square
brackets. If a statement defines a particular term, the term appears in bold font. Parentheses
are used for optional parts of the term, which can be left out for brevity. The statement itself
is typeset in italic font. Any further terms (regardless of whether used for the first time or
subsequently) are typeset in small caps and, if used for the first time, defined in their own
indented statement directly following up. Examples or citations after the statement are in
roman (non-italic) font again.

VAST comprises a set of rules for expressing the content of narratives more formally in a
graphical display. In VAST, “concepts” are properties that may apply to objects to varying
degrees and which are depicted by frames. There may be IF-THEN relationships of different
qualities, and of different strengths, between concepts, depicted by arrows.

For example,

● IF concept D applies to an object, THEN this object is likely to be named (n) “dog”.
● IF concept D (named “dog”) applies to an object, THEN this implies (i) that concept A

(named "animal") also applies to this object.
● IF concept M (named “height measured in meters”) applies to an object to some

degree, THEN one may deduce the extent to which concept C (named “height
measured in centimeters”) applies to the same object, by way of a mathematical
transformation (t).

● IF concept S (named “smokes”) applies to an object (e.g., a person), THEN this is a
cause (c) for the fact that concept L (named “has lung cancer”) may also apply to the
same object some time later.

● IF concept C (named “has a college degree”) applies to an object (e.g., a person),
THEN it may be predicted (p) that concept P (named “has parents who have college
degrees”) also applies to the same object.

● IF concept NA (named “has no alibi”) applies to an object (e.g., a person), THEN it
may be reasoned (r) that concept G (“is guilty”) also applies to the same object.
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The VAST system includes rules for expressing the extent to which a concept IS applicable
to a given set of objects (depicted as a pentagonal shape with “IS”), and the extent to which
a concept OUGHT to be applicable. In contrast to imagined concepts, measurable concepts
are displayed with a thick black edge on one side. Finally, the VAST system also allows for
specifying who holds a given set of views ("perspective", shown as an ellipsis), and for
treating any combination of the aforementioned elements as a higher-order concept of its
own.

Computations

A reproduction's primary target is a result produced by a computation and reported in a
scientific work, potentially together with data (in the case of an empirical study) and a
derived claim (if available). It is also possible that one reproduction targets multiple results or
claims.

[Fig. A9 → n1] Computation: A particular calculation of one or multiple RESULTS that is (if
applicable) dependent on (1) specific DATA, (2) a specific COMPUTATIONAL ENVIRONMENT, and (3)
specific CODE.

[Fig. A10 → n2] Result: A product of a COMPUTATION. May be used as support for one
or multiple CLAIMS. For example, a result can be a singular number, a table, a figure,
or a collection of such elements.

[Fig. A11 → n2] Claim: A conclusion drawn from one or multiple RESULTS. For
the purpose of a reproduction, the support for a claim can be found to be
strengthened, weakened, or undetermined. It is at the reproducers’ discretion
to decide which parts of a scientific work comprise a claim, as reproductions
of single studies typically allow for a higher granularity than mass
reproductions of multiple scientific works. For example, one statement by the
original authors could be split into multiple claims by the reproducers.

[Fig. A8 → n1] (Empirical) Data: Records obtained from a measurement process.

[Fig. A9 → n2] (Computational) Environment: The hardware and software setup in
which a COMPUTATION is performed, for example, versions and (default) parameters of
utilized software (dependencies), invisible states (such as of random number
generators), and the architecture of hardware (such as the CPU or the specific
pocket calculator).

[Fig. A6 → n1] (Source) Code: A low-level DESCRIPTION of a COMPUTATION that can be
executed by a computer.

Put simply, a computation is the act of performing a calculation. Examples include

● using a pocket calculator and a t-distribution table to perform a t-test;
● using statistics software with a graphical user interface such as JASP (JASP Team,

2024) to conduct a Bayesian regression;
● executing an R script (R Core Team, 2024) to perform a permutation test; or
● running an agent-based simulation in C.
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Descriptions

Descriptions of computations are central to reproductions, as they enable the verification of
results (ICMJE, 2024; Livingston, 2020). In the following, we adopt a very broad notion of
what constitutes a description:

[Fig. A3 → n1] Description (of a computation): Instructions on performing a COMPUTATION

detailing COMPUTATIONAL CHOICES, possibly referring to specific DATA and RESULTS and mentioning
a particular COMPUTATIONAL ENVIRONMENT.

[Fig. A5 → n1] (Computational) Choices: Decisions related to a COMPUTATION.

An obvious example of a description is the methods section of a journal article detailing the
analytical treatment of data. However, one can also treat a preregistration, the
supplementary materials provided with a journal article, or source code as a description of a
computation. Treating source code as a (human-readable) description highlights its
usefulness for understanding and reproducing the original work long after it stopped being
immediately re-executable.

Scientific Works

[Fig. A11 → n1] (Scientific) Work: A compilation of DESCRIPTIONS, RESULTS, and, potentially,
DATA and CLAIMS that relate to each other. Other parts, such as theories or a description of the
data collection, may also be part of a scientific work but are less relevant for reproductions.
A prominent example is a journal article referencing publicly available open data. However,
computational notebooks, blog posts, and other non-traditional research outputs can also
qualify as scientific works.

Reproductions

Having established what the target of a reproduction is (the result of a computation) and how
a particular computation is communicated (with one or multiple descriptions), it is now
considered how a reproduction can reach its goal, that is, verifying that the computation of
the result corresponds to its description.

[Fig. A4 → n2] Given one or multiple DESCRIPTIONS, all CHOICES LEFT UNSPECIFIED, and, potentially,
DATA, one can infer a particular COMPUTATION.

If this second (redone) computation gives a sufficiently similar result to the one reported in
the original work, the verification is successful.

[Fig. A11 → n9] A reproduction is a research activity with the goal of verifying that a
COMPUTATION of RESULTS corresponds to its DESCRIPTIONS in the SCOPE. It entails (1) checking
whether all DESCRIPTIONS in the SCOPE are COHERENT, (2) performing a COMPUTATION inferred from
the DESCRIPTIONS in the DESCRIPTION SCOPE, using DATA in the DATA SCOPE (if applicable), and from
UNSPECIFIED and CONFLICTING CHOICES, and (3) comparing the RESULTS. Optionally, reproductions
can also assess (4) whether the original CLAIM is supported. It is possible that one
reproduction verifies multiple computations.
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[Fig. A11 → n10] Description scope: The set of DESCRIPTIONS that are used during a
REPRODUCTION. For example, a journal article might contain links to supplementary
materials and source code. If the source code is re-executed, but its coherence with
the article is not checked, the description scope solely consists of the source code.

[Fig. A7 → n1] Coherence of a description: None of the instructions in one or
multiple DESCRIPTIONS conflict with each other.

[Fig. A11 → n4] Data scope: Data sets commonly go through multiple preprocessing
stages. The data scope describes which of these stages are considered during the
reproduction. If all stages are considered this means one has obtained the PRIMARY

DATA.

[Fig. A8 → n4] Primary data: First digital representation of the RAW DATA

(Gollwitzer et al., 2021).

[Fig. A8 → n5] Raw data: Original records, that is the first non-volatile
form of DATA. In the case of electronic data collection, raw data and
primary data coincide (Gollwitzer et al., 2021).

[Fig. A5 → n3] Unspecified choices: COMPUTATIONAL CHOICES that are not prescribed
by the DESCRIPTIONS, filling gaps due to underspecification. For example, if the original
authors do not describe an algorithm’s required parameters, these would be
unspecified choices during the implementation concerning the source code. Similarly,
if the version of a utilized software is not disclosed, that would be an unspecified
choice during the execution concerning the computational environment.

[Fig. A5 → n4] Conflicting choices: COMPUTATIONAL CHOICES that are at odds with the
DESCRIPTIONS.

Of course, the results may simply differ because the unspecified choices varied between
original work and reproduction. Also, reproducers may make choices conflicting with the
descriptions out of necessity. For this reason, we recommend evaluating the consistency of
results – rather than the identity – by exploring alternative unspecified choices and
estimating the expected difference given any conflicting choices. Section 4 will go into more
detail about that.

The broader the description scope of the reproduction, the more justified any conclusions
drawn from the comparison become. For example, when the source code, the
supplementary materials, or the preregistration are also considered, faults or their absence
can be asserted with more confidence. Similarly, with a broader data scope, that is, fewer
preprocessing steps, fewer faults can go unnoticed. In section 4 of this article, we will also
consider other senses in which a reproduction is restricted to a certain scope worth
reporting.

To summarize, a reproduction verifies whether a computation of results corresponds to its
descriptions by comparing the reproduced result with the original results. A reproduction may
also attempt to verify the results of multiple computations, possibly involving multiple claims.
This way, a scientific work in its entirety may become the target of a reproduction. Notably, in
our definition, a reproduction is the act of attempting a second computation after meeting the
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preconditions (having available the necessary descriptions, data, and original results).
Performing a reproduction does not imply that any reproduced results are actually obtained
(because obstacles may prevent that) or how the compare with the original results. As a
consequence, merely writing that “a work has been reproduced” is ambiguous regarding the
outcome of the reproduction, which should always be mentioned in addition.

Differences Between Results

When comparing a reproduction’s result with the original result after performing the
computation, one might observe a difference. According to Figure 1, this means that either
the second computation deviates from the original computation (due to reproducers’
computational choices or an implementation fault) or there was a reporting fault.

When utilizing computers, there are many examples of minor deviations causing different
results. Only changing the underlying hardware might already be enough to obtain a different
result (e.g., see PyTorch Contributors, 2023; Stan Development Team, 2024), and in the
case of hardware acceleration (GPU programming) and parallelization, even repeatedly
using the same hardware may lead to a different result (Diethelm, 2012; Pham et al., 2020).
Similarly, a difference may occur due to added debugging statements (Monniaux, 2008), a
different operating system (e.g., Bhandari Neupane et al., 2019; Glatard et al., 2015; Scaria,
2018), different compilers (Hong et al., 2013), updated dependencies with fixed bugs, new
features or different defaults (e.g., Van Den Bergh et al., 2023), different random seeds
(Pham et al., 2020), or a different statistical software with new defaults (e.g., Herberich et al.,
2010; Hodges et al., 2022; W.D., 2019).

Reasons for Differences

If the reproducers followed the descriptions of the original work, a different result raises the
question of why the computations changed. In principle, we differentiate two broad reasons:
Computations may have changed (1) due to the reproducers’ computational choices
necessitated by obstacles or (2) because of mistakes, resulting in faults.

By obstacle, we mean everything that can prevent reproducers from obtaining a result (and
that is not a fault). We discuss two common ones: underspecified descriptions (where the
reproducers don’t know what to do) and grounds for conflicting choices (where the
reproducers know what to do but cannot do it). They require that reproducers make
additional choices, which may deviate from those of the original authors, leading to changing
computations. Computational choices can manifest while implementing the source code and
during execution in a particular environment, see (c) and (e) in Figure 1.

The uncertainty arising due to the possible existence of underspecification and faults has
also been called “hidden uncertainty” (Auspurg & Brüderl, 2024, p. 3). In the following, we
first focus on underspecified descriptions and conflicting choices before turning to faults.

Underspecified Descriptions

A first common obstacle and hence a possible reason for varying computations is
underspecification, that is, the insufficient description of a computation. Whenever a part of
the description seems underspecified to the reproducer in the sense that they can imagine
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multiple appropriate ways forward, they cannot know which one was taken by the original
authors. For example, articles published in journals that impose a word limit will not mention
every aspect of the computation. In particular, procedures that are common in a field are not
described in detail but are either referred to by a literature reference or are only mentioned
by their name (e.g., “one-sided t-test” or “structural equation modeling”). If the reference or
name is ambiguous (e.g., Weissgerber et al., 2018) or requires additional choices, the
reproducers might have chosen to do something different than the original authors.

The methods section in journal articles is frequently found to contain less information than
deemed necessary by the reproducers (e.g., Crüwell et al., 2023; Hardwicke et al., 2021;
Seibold et al., 2021). Providing the source code of a computation can alleviate this problem
(Ince et al., 2012), in the best case accompanied by information about the computational
environment. However, studies frequently notice missing source code (e.g., Crüwell et al.,
2023; Laurinavichyute et al., 2022; Sharma et al., 2024) or missing information about the
computational environment (e.g., Herbert et al., 2021). Most requests directed at original
authors to provide the source code remain unsuccessful (Krähmer et al., 2023). Of course,
source code cannot be made available when using software that is exclusively controlled by
a graphical user interface.

Underspecification might also be a deliberate, though misguided, decision by the original
authors. We see two reasons for deliberate underspecification: First, leaving out details may
be used as an abstraction device (Gervasi & Zowghi, 2010), signaling what is important
about a computation.14 However, as this complicates further investigations, a recommended
alternative is explicitly marking what is important rather than omitting what is not. Second,
underspecification might be employed as strategic ambiguity (Frankenhuis et al., 2023),
making it difficult to ascertain faults. Such ambiguities simultaneously decrease the worth of
the scientific work to its readers, both in terms of falsifiability and as something to build on
(Ince et al., 2012). For example, if the source code is withheld, it cannot be found to conflict
with the methods section in an article. Then, different results might be (falsely) ascribed to
the method’s stochasticity rather than faults. Also, a vague description generally allows for
more conformant computations. Furthermore, such ambiguity raises the effort of
reproductions, maybe preventing them in the first place.

Conflicting Choices

Sometimes, it is impossible to follow the description of a computation up to the last detail
due to practical reasons. This is the case, for example, when reproducers do not have
access to paid or discontinued software, lack sufficient computational resources, or do not
have necessary domain-specific knowledge (e.g., how to use a particular programming
language or where to find the relevant result among many lines of output). In these cases,
either the reproducers do not proceed at all (e.g., Crüwell et al., 2023) or they deviate
deliberately from the description, possibly causing a different result (e.g., Seibold et al.,
2021).

14 For example, omitting the operating system and the specific hardware, because the result should be
the same regardless.
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Faults

Another possible reason for a differing result is a fault – either by the original authors or the
reproducers themselves. In section 2, we differentiated faults by the phase of the research
process the corresponding mistakes happen in, in particular implementation and reporting
faults. What these two have in common is that they both cause the computation to be at
odds with its descriptions or, by extension, with any data or results the descriptions refer to.
This is the type of fault we consider in the following.

[Fig. A12 → n24] The COMPUTATION may not correspond to its DESCRIPTIONS. For example, during
the data analysis, the two experimental conditions might have gotten confused, effectively
leading to the opposite claim.

Note that this does explicitly not cover faults that only manifest when applying the same
code to other datasets, as the definition is dependent on the specific results and data
mentioned in the descriptions. Also, from all the faults covered by this definition, there are
four cases that we would like to specifically mention as they are probably not frequently
thought of – for example, cases 2 through 4 are not covered by the heuristic guide from
section 2. Reproducers might benefit from considering them as well if they try to identify the
precise reason for different results.

[Fig. A12 → n23] Fault Case 1: The DESCRIPTIONS may not be COHERENT, for example, if the
source code contradicts the methods section of a journal article or the preregistration gives
different instructions for the computation than the methods section.

[Fig. A12 → n22] Fault Case 2: The DATA REPORTED by authors may differ from the DATA UTILIZED

to obtain the RESULT, for example, because panel data in a repository were changed by their
provider.

[Fig. A8 → n3] Reported data: DATA published alongside or referenced from a
SCIENTIFIC WORK.

[Fig. A8 → n2] Utilized data: DATA used during a COMPUTATION.

[Fig. A12 → n21] Fault Case 3: The CODE REPORTED by authors may differ from the one that
was EXECUTED to obtain the RESULT. For example, even with version control, one might
accidentally use a different version.

[Fig. A6 → n4] Reported code: CODE made available by its authors.

[Fig. A6 → n2] Executed code: CODE run during a COMPUTATION.

[Fig. A12 → n20] Fault Case 4: The REPORTED RESULT, referred to in the DESCRIPTIONS, may not
correspond to the OBTAINED RESULT. For example, for elaborate computations, the actual result
has to be identified among many lines of output and subsequently transferred to the
publication, which are two actions during which mistakes can happen.

[Fig. A10 → n3] Reported result: The RESULT given in an original WORK.

[Fig. A10 → n1] Obtained result: The RESULT that was calculated during a
COMPUTATION.
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Of course, researchers can make more kinds of mistakes than are covered here.

Notably, mistakes according to our definition do not extend to conceptual mistakes. Imagine
that a researcher intends to analyze data from two independent groups with a dependent
t-test. This is conceptually wrong and will not lead to meaningful results. But if the code
correctly implements the (wrong) intention, according to our definition it is not a mistake in
the context of reproductions, which aim to verify a computation.

Nonetheless, reproducers are encouraged to incorporate their concerns about substantive
flaws in the computation or aspects of the study design and data collection into their
appraisal whether the claim is still supported. Finally, they can also evaluate the rule of
inference employed in the original work.

[Fig. A11 → n5] Rule of inference: Reasoning behind making a CLAIM based on a RESULT (or
multiple RESULTS).

The central importance of source code for reproductions

To summarize one of the key points up until now, scripted computations are in a unique
position to facilitate a fruitful reproduction due to their dual nature: They are readable by
humans and they are used to control computers, thus providing an accurate (though not
complete15) record of a computation at a certain point in time. This sets them apart, for
example, from statistical software with only graphical user interfaces, where a description of
the performed manual steps is at a higher risk of being insufficient or inaccurate.

Checking the compatibility of source code with the (rest of the) descriptions in the scope is,
therefore, a key activity that can be performed during a reproduction. One can discern three
cases:

● The source code may clear up otherwise underspecified aspects of the descriptions.

● The source code may be partially (or completely) missing. In this case, it needs to be
re-implemented.

● The source code may agree with or disagree with what is stated in the other
descriptions. The latter represents a fault, and it needs to be resolved in order to
obtain any result during the reproduction. Usually, statements from the preregistration
take precedence over the implemented code.

With the definitions introduced in section 3, the difference between a re-execution
reproduction and a re-implementation reproduction can be formulated precisely. First, they
typically differ in their scope – the former usually considers the source code by inheriting
(i.e., re-executing) it, while the latter usually does not consider the source code at all.
Second, and as a consequence, the amount of unspecified choices is expected to be more
pronounced for a re-implementation reproduction. However, because there are also atypical
cases, merely stating that a re-execution or a re-implementation reproduction has been
performed is generally not sufficient. For example, a re-implementation reproduction may

15 The execution of the source code requires human intervention, such as for providing the necessary
hardware and software, compiling the source code, and invoking the program with correct
parameters.
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base its re-implementation on the original source code, or a re-execution reproduction might
also compare the original source code to the methods description. Therefore we give
specific recommendations in section 4 of this article on how to report a reproduction.

Box 2

Summary of Formal Definitions

In the preceding definitions, we introduced the results of a computation as the target of a
reproduction. By descriptions, we refer to anything that characterizes a computation, such
as parts of a methods section in a journal article or source code. Descriptions, together
with results and, potentially, data and claims, are part of scientific works. During a
reproduction, the descriptions in the scope are compared for coherence, another
computation is performed based on them, and the results are compared for consistency.
Underspecification, conflicting choices, and faults are all reasons for reproductions to
produce different results than the original computation. Human actions that cause a
computation to be at odds with its description, either during implementation or during
reporting, are mistakes manifesting as faults. They can happen before and during the
computation as well as while reporting the results. Four cases of faults are emphasized:
(1) incoherent descriptions, (2) difference between the utilized and the reported data, (3)
difference between the executed and the reported code, and (4) mismatch between
obtained and reported results. Source code is of special importance for reproductions, as
it is readable by humans and can be used to control computers.

4. Performing a Reproduction
In the following, building on the definitions, we sketch the reproduction procedure to verify
that a computation of results corresponds to its descriptions in the scope. To recap (see Fig.
A3 → n1), this means that the results obtained by following the instructions, potentially
applied to the provided data in the specified computational environment, are sufficiently
similar to the reported results. It, therefore, consists of (a) defining the scope of the
reproduction in terms of the involved works, claims, results, data, and descriptions, (b)
ensuring the availability of descriptions, results, and, if applicable, data, (c) obtaining results,
potentially by resolving obstacles, (d) evaluating the results’ consistency, potentially by
assessing the expected differences in results, and (e) evaluating whether the claims are
supported given the information acquired during the reproduction. We conclude with remarks
on reporting the outcome of a reproduction.

(a) Defining the Scope

First, reproducers have to choose which scientific works, claims, results, descriptions, and, if
applicable, data are part of the reproduction’s scope:

● Works: Which scientific works are attempted to be reproduced? Reproductions can
focus on individual or multiple works.

● Claims: Which claims within a work are being evaluated? Reproducers can focus
only on a subset of all claims presented in a scientific work, for example, those that
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appear in an abstract. Or disregard all claims and only focus on results if no claims
have been made.

● Results: Which results are being evaluated as the reproduction’s target? For
example, this can be a particular figure, a table, or a set of numbers. There are many
degrees of freedom for reproductions when selecting the evaluated results. One
possibility is to focus on all results that (supposedly) support the claims chosen
before.

● Obtained data: This only applies to reproductions of empirical studies. Which
preprocessing steps have already been performed for the data obtained for this
reproduction? In other words, how do the obtained data differ from the raw
measurements recorded during data collection? In the best case, reproductions
obtain primary data, but this is not always possible. Then, faults in the processing up
to the point where the data are obtained are more difficult to identify.

● Involved descriptions: Reproducers may only focus on a subset of the available
descriptions, whose coherence is checked and which informs their computation. The
smaller the description scope, the fewer faults can be detected.

● Inherited source code: Of the descriptions involved, is any source code used for
re-execution? Is it used as is, or is it being modified or extended?

● Applied methods standards: Which methods standards are followed when making
unspecified choices, checking the coherence, estimating expected differences, and
evaluating the appropriateness of specified choices? This will likely get more detailed
and can be elaborated on over the course of the reproduction.

For reproducers performing mass reproductions of multiple scientific works, rather than
evaluating all results, they can evaluate those that support claims that are mentioned in the
title, the abstract, or the first table or figure, following Hardwicke et al. (2018) and Alipourfard
et al. (2021).

(b) Checking the Preconditions

If the descriptions or – in the case of an empirical study – the data in the scope are not
available or the original results cannot be identified, the reproduction cannot be conducted.
The original authors or any other relevant stakeholders should be contacted at this point to
provide what is missing or the scope needs to be adjusted to what is available. Otherwise,
the reproduction outcome for the affected results and claims is undetermined due to failing a
precondition (e.g., lack of data).

From this step on, readers can compare the procedure with Figure 2. It depicts a flowchart
for performing a reproduction in the case of one result and one claim. A more detailed
version is available in the Appendix as Figure A1.
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Figure 2

Summary Flowchart for Performing the Reproduction of One Result
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(c) Obtaining Results

After ensuring the preconditions are met, reproducers need to be able to compute results for
comparison. This requires them to understand the descriptions in the scope and, potentially,
the reported data and to verify the coherence of the descriptions. Also, the reproducers must
have the necessary resources to perform the computation, for example, in terms of
knowledge, time, software, and hardware. Finally, they need to be able to perform the
comparison, which includes identifying the results and knowing how to compare them. All of
that can be obstructed by obstacles, which require reproducers to make a computational
choice that is not evident from or contradicts the descriptions. Reproducers frequently
encounter obstacles but may not acknowledge them as such, for example, when they use a
different computer during execution than the original authors.

If reproducers identify faults, such as incoherent descriptions, they need to correct them
before comparing the results. When reproducers encounter obstacles, in many instances a
helpful strategy is to contact the original authors and ask for clarification. However, this may
be impossible due to limited reachability and time constraints, or it might not help resolve the
obstacle. In that case, another strategy is to start by making the most likely choice according
to chosen standards in order to (initially) obtain any results. For example, if it is not clear
whether a psychological study has performed a two-sample t-test for equal or unequal
variances, psychologists might want to start with the latter (Delacre et al., 2017). However,
choosing among multiple options might not be possible if the reproducers are limited by their
resources. Hence, as a third strategy, reproducers might need to deviate deliberately from
the descriptions, for example, by simplifying computations or using a different software.
Finally, if the obstacles cannot be resolved, the reproduction’s outcome concerning the
affected results and claims must be regarded as undetermined by stating the respective
obstacle.

(d) Evaluating the Consistency of Results

Once results have been computed, reproducers can evaluate their consistency with the
originally reported results. For this, each original result is compared with the respective
reproduced result. While LeBel et al. (2018), following Hardwicke et al. (2018), generally
consider a result consistent if it matches within a 10% margin of error, we propose an
approach that is aware of the obstacles faced during the reproduction and allows attributing
differences to faults with more confidence, relative to a set of methods standards.

In the easiest case, the original and the reproduced result can be deemed consistent
because they match exactly (i.e., at the maximum precision their representation allows16). In
some instances, such an exact match can be obtained by using information provided by the
original authors. For example, if asked about this, the original authors might argue that the
reproducers misunderstood a description and provide them with a way of obtaining exactly
the same result again, in which case they may regard it as consistent. On the other hand,
the original authors might confirm the existence of a fault from which an inconsistency of a
result may follow. Technically, in this case, the reproducers still need to eliminate other
possible (and potentially more impactful) reasons for the difference, as detailed below.

16 For example, if a study reports a numerical result with four digits, all four digits need to match after
the reproduced result has been rounded to the same precision.
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If the results do not match exactly, it is still reasonable to consider them consistent if their
difference can occur given how any obstacles were resolved by the reproducers. For
example, if the difference between results can be explained solely by the fact that a different
computer has been used (and it is not too large), most people would still consider them
consistent. Then, it is up to the readers to decide whether the change between the two
computations (here, a different computer) is critical to them. Therefore, reproducers can
investigate whether the results differ no more than expected depending on how any
obstacles were resolved. In the following, we describe two strategies for deciding on the
consistency. It is recommended to try the first strategy if the amount of possible
computations is finite and the second strategy if it is infinite.

The first strategy is that any choice to resolve underspecification can be varied to another
appropriate option until an exact match is obtained. Remaining faults of the type
discussed above (Fig. A12 → n24) can now be considered less likely and the results are
deemed consistent. For example, imagine that the description of the original authors only
mentioned a “t-test”. If the reproducers initially calculated a two-sample t-test for unequal
variances and obtained a different p-value, a test assuming equal variances can be tried
next – both analytical pathways are consistent with the underspecified description. If the
reproduced p-value now matches the original one, the original and the (second) reproduced
result can be regarded as consistent and faults can be considered less likely. If no match is
found despite trying all appropriate choices, the reproduced and the original result can be
regarded as inconsistent. Of course, this evaluation is highly dependent on the chosen
methods standards.

However, there may be instances where it is impossible to try all possible (appropriate)
combinations of choices. Also, sometimes the instructions cannot be followed, leading to
conflicting choices. Therefore, a second strategy is to estimate the impact of deviations in
terms of differences between results and determine whether the original and the reproduced
result differ more than expected. For example, if the computing architecture is different –
likely if a different computer is being used – reproducers can make an educated guess
concerning the tolerable differences due to floating point arithmetic. Or, if no random seeds
are reported, they can perform multiple computations with multiple random seeds and check
whether the original result stands out from the reproduced results (compare Rahal, 2024).
Empirical norm values for such standard cases are rarely available, for example, how much
of a difference can be expected by changing a software package (for exceptions, see Jen et
al., 2023; Letter, 2021; see also Keeling & Pavur, 2007; McCoach et al., 2018; Hodges et al.,
2022). Again, the reproduced results can be regarded as inconsistent or consistent with the
original result, depending on whether they differ more than expected or not (even if no exact
match was obtained). Again, this evaluation crucially depends on the chosen methods
standards.

If no strategy is feasible to decide on the consistency, it remains unclear whether the
observed difference between reproduced and original result can be attributed to a fault or
simply to a choice in the step of resolving an obstacle. In this case, despite having obtained
a result, the consistency can be declared undetermined, stating all relevant obstacles.
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Box 3

Possible Outcomes for the Consistency of Results

● Consistent. For example:
● identical results
● identical results after using information provided by the authors
● identical results after trying other appropriate options
● actual difference of results not larger than expected

● Inconsistent. For example:
● out of options after getting non-identical results from all appropriate

computations
● actual difference of results larger than expected

● Undetermined. For example:
● failed precondition (i.e., missing data, description, or result)
● unresolved obstacles
● estimation of expected difference is infeasible

Until this point, the reproducers made a separate consistency evaluation for every original
result selected for the reproduction. Per original result, the reproducers either did not obtain
a reproduced result (due to failed preconditions or unresolved obstacles), they obtained an
exact match, or no exact match was obtained, and (if possible) they assessed which
difference between the results is to be expected given the obstacles they resolved and the
methods standards they chose. If the results are inconsistent or the consistency is
undetermined, a reproduction can also explore why. This is an iterative process where the
computation is modified until the same (faulty) result is obtained. It is most likely to succeed
if the original source code is provided.

One can now revisit Table 1, which also displays the state of knowledge implied by
evaluating the consistency of results. The example from section 2 of this article concluded
with implementation choices and implementation mistakes as potential reasons for a
different result. By evaluating whether the result of the re-implementation reproduction is
consistent (rather than identical), one answers the question of whether the difference is
possible given how obstacles were resolved by the reproducers and depending on the
chosen methods standards. Suppose the results are found to be inconsistent. Then, one can
say that the most important reason for differing results is an implementation mistake17

(indicated by a large disk), and any potential deviations due to choices concerning the
implementation (or the environment) are negligible in comparison (indicated by a circle
around a small disk). If, in contrast, the results are deemed consistent, one can conclude
that implementation choices (and possibly environment choices) are the most important
reason for differences, and any potential implementation mistakes (and reporting mistakes)
probably are negligible in comparison – again, contingent upon the applied methods
standards.

Table 1 also includes an example of evaluating the consistency of a direct replication’s
results. In addition to computational choices, the possible effects of sampling variability need

17 to the extent appropriate choices were covered by the methods standards
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to be considered here, and the results are inconsistent only if both cannot plausibly explain
their difference. Evidently, direct replications do have a verifying function of their own, as
consistent results change the belief about reporting and implementation faults, which are

the two main threats to internal consistency discussed in this article. While their absence is
not guaranteed, their consequences are small in comparison to computational choices and
sampling variability. Inconsistent results, however, can have many possible reasons and a
lack of internal consistency is only one of multiple explanations.

(e) Evaluating the Support for the Claim

If the reproducers have selected claims for evaluation, it is also of interest whether these are
still supported, given the information acquired during the reproduction. Consistent results are
neither a necessary nor a sufficient condition for a claim to still be supported. Evaluating the
support is optional, although it is recommended. We will start discussing the simple case
where a claim is backed by one result in the original work. Then, it is sufficient to evaluate
the rule of inference for this one result, along with the data and specified choices that led to
it.

First, one starts with the data. If the reproduction involved (empirical) data, the reproducers
might find it inappropriate to support a claim. For example, the sampled population might be
considered unfit to make a particular claim, the operationalization of a construct could be
regarded as unsuccessful, or the reproducers might argue that the study design does not
allow for causal claims. Also, the reproducers might not know whether the data are
appropriate for the result to support the claim. In all of these cases, the reproducers can
conclude that the support for the claim is undetermined, given the data. Otherwise, if the
reproducers have no concerns about the data, the evaluation of the claim just continues.

Second, the reproducers might have issues with the original author’s specified choices
regarding a claim. For example, the reproducers might find that the utilized statistical
methods deviate from best practices in the respective field or that inadequate preprocessing
calls the claim into question. Also, the reproducers might not know whether the specified
choices are appropriate for the result to support the claim. Consequently, in these cases, the
support for the claim might be regarded as undetermined due to an inadequate computation.
If the reproducers have followed up with an appropriate computation, they can continue
evaluating the claim. In contrast, if the reproducers do not find the computation to invalidate
the claim, they can continue with its evaluation.

Finally, it is necessary to check whether a claim is still supported given the rule of inference
used in the original work. If this is undecidable because the rule of inference is unknown or
unfit, reproducers can choose an alternative rule of inference. Otherwise, the claim’s support
has to be regarded as undetermined. The reproducers might have performed multiple
computations per original (focal) result due to obstacles and hence obtained multiple results.
In that case, all reproduced results for that particular original result need to be evaluated. If
all of them support a claim or do not support it, its support can directly be regarded as
strengthened or weakened, respectively. For example, if multiple results have been
calculated until an exact match has been obtained (because of underspecification) and all of
them support the claim, the support of the corresponding original result for the claim can be
considered strengthened. In another example, suppose the reproducers have estimated an
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expected difference. If even the most extreme results still within this difference support the
claim, it can directly be considered strengthened. If only some reproduced results support
the claim, no general rule exists and one has to decide on the strength of the support on a
case-by-case basis. This is similar to evaluating the results of a robustness check or a
multiverse analysis, although it is less systematic because one usually stops exploring
computations after obtaining one consistent result.18 Of course, one may also conclude that
the support for the claim is undetermined.

As mentioned earlier, a claim supposedly supported by a result that the reproducers could
not compute at all (due to failed preconditions or unresolved obstacles) must be regarded as
having undetermined support by stating the reason why no result was obtained. Moreover,
even an exact match between the original and the reproduced result does not guarantee
support for the claim: The original authors might have employed an inappropriate rule of
inference or wrongly applied the rule. For example, the reproducers might write the following:
“Although we could exactly reproduce the originally reported numerical result, the support for
the claim is weakened because the employed rule of inference was applied incorrectly: In
the methods section and preregistration, the authors announced to correct for multiple
testing but actually did not do it. When the α level is correctly reduced, the result is not
significant anymore.”

However, if a claim is backed by multiple results in the original work, all of them need to be
considered. Because the rule of inference can be an arbitrary function that maps the results
onto a claim, it might not be possible to consider the results individually in their support for
the claim. Of course, such an “holistic” assessment of the results may be performed
implicitly, making its criteria unknown to the reproducers. The case of multiple results is not
covered by Figures 2 and A1.

As an example of multiple results, significant improvements in speed and accuracy might
support the claim that an experimental condition improves performance. Consequently, the
reproducers need to check that both speed and accuracy indeed improve significantly. In this
example, if only one of the reproduced results shows a significant improvement, the support
for the claim would be considered undetermined, and if neither shows significant
improvements, the support for the claim would be considered weakened. In general, this
depends on the logical function that maps the results onto claims.

Box 4

Possible Outcomes for the Support for a Claim by One Result

● Strengthened. For example:
● all computations for the same (focal) result support the claim
● some computations for the same (focal) result do not support the claim but

the strength of the support is still sufficient
● Weakened. For example:

● no computation for the same (focal) result supports the claim
● some computations for the same (focal) result do support the claim but the

18 Of course, a traditional robustness check or multiverse analysis does not focus specifically on
unspecified choices, but rather plausible alternatives to specified choices.
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strength of the support is insufficient
● Undetermined. For example:

● inappropriate data
● inappropriate specified choices and no alternative conducted
● obstacles not resolved
● some computations for the same (focal) result do support the claim and the

strength of the support cannot be determined
● rule of inference undecidable and no alternative employed

(f) Reporting the Outcome

Reporting a reproduction should be more nuanced than just announcing its success or
failure for at least two reasons. First, although reproductions should give very similar results,
reproducers may underestimate the expected difference of results. Second, there is
considerable variability in the activities that all counts as reproductions and similarly in the
conclusions that can be drawn from them. Therefore, summaries of reproductions should (1)
use careful language, (2) also evaluate the substantive claim, and (3) be transparent about
their limitations.

We recommend a reproduction separately report the consistency of the results and the
support for the claims. Consistent results mean that the original computation has largely
been performed as described, as the most important reason for differing results are resolved
obstacles. Faults may exist, but their impact on the results is negligible in comparison.
Inconsistent results might have multiple possible reasons:

● The methods standards chosen by the reproducers did not cover the computational
choice by the original authors.

● Aspects of the descriptions were meant differently by the original authors than
interpreted by the reproducers.

● Faults in the original work or the reproduction.

Note that for the consistency evaluation, the original result is compared with the
(reproduced) result of a computation that only includes corrections due to faults. When
evaluating the support for the claim, however, one uses the (reproduced) result of a
computation that also includes other corrections that reproducers deem necessary to decide
on the support (such as changing the computation or the rule of inference, because the one
originally proposed did not follow current best practice).

The evaluations of consistency of results and support for the claims critically depend on the
reproduction’s scope. For example:

● Interpreting the outcomes from a mass reproduction of multiple works depends on
their inclusion criteria.

● Interpreting the outcome of a reproduction of a single work depends on which results
and claims have been selected as targets.

● Interpreting the consistency evaluation of a result depends on the data scope, which
descriptions were involved, the way any obstacles were resolved, and how the
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expected difference was estimated. In turn, this depends on the methods standards
applied by the reproducers.

● Interpreting the support for the claim depends on the results that were evaluated as
potential evidence and on the methods standards that were used to judge the
appropriateness of specified choices.

Therefore, we provide a set of recommended pieces of information that every reproduction
should report, summarized in Box 5 and elaborated in Figure A2. Besides what has already
been mentioned as part of the scope this also includes the reproducers’ expertise, as
differentiated by Garijo et al. (2013).

Box 5

What to Report in a Reproduction

● Reproducers’ expertise
● ❍ Author: The authors of the original work are among the reproducers.
● ❍ Expert: The reproducers are familiar with the field and the methods.
● ❍ Novice: The reproducers have basic knowledge about the field and the

methods.
● ❍ Minimal: The reproducers have little knowledge about the field and the

methods.
● Scope

● Works: Report any permanent identifiers of the investigated works.
● Claims: Report which claims, if any, are being investigated.
● Results: Report which results are being evaluated (mention page or table

where the result can be found).
● Data: To what extent has the obtained data been preprocessed?
● Descriptions: Which descriptions are checked for coherence and inform the

computation (select all that apply)?
● ☐ Preregistration
● ☐ Methods section
● ☐ Supplemental material
● ☐ Source code
● ☐ Other (state them)

● Source code: Which source code is inherited, that is, used for
re-execution?

● Methods standards: Which methods standards are followed when
evaluating computational choices and deviations? Which unspecified
choices are explored and how is the expected difference estimated?

● Preconditions (select all that apply):
● ☐ At least one description was available
● ☐ (for empirical work) A data set was available
● ☐ The original results for comparison were available

● Obstacles: Were any obstacles encountered, like underspecification or grounds for
conflicting choices and (how) were they resolved?

● Faults: Were any faults identified?
● Outcome for every evaluated result
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● Reproduced result (with potential faults as covered by Fig. A12 → n24
corrected)

● ❍ Consistent
● ❍ Inconsistent
● ❍ Undetermined (give reason)

● Outcome for every evaluated claim
● Reproduced result (with all potential corrections)
● ❍ Support strengthened
● ❍ Support weakened
● ❍ Undetermined – Why?

● About the reproduction process
● Were the original authors contacted (e.g., for clarification) and did they

respond?
● Are there any suggested improvements (e.g., better documentation, initial

sharing of data)?

5. Discussion and Recommendations
The existing literature on redoing activities – scientific activities that redo some phases of a
previous study – recommends differentiating between the act of enabling, the act of redoing,
obtaining the same result, and reaching the same conclusion (Goodman et al., 2016; Ulpts &
Schneider, 2024). Reproductions, which we define as redoing activities that work with the
original data and aim to keep the computation (e.g., a data analysis) as similar as possible,
have received little systematic attention. This article explicates their logic and provides a
conceptual framework for describing their different flavors and understanding their epistemic
function, that is, what one learns from their conduct.

In section 2, we presented a heuristic guide that details the epistemic function of
reproductions in comparison to direct replications with regards to verification by discerning
which redoing activity can provide evidence for or against which types of mistakes. We
introduced implementation and reporting mistakes and explained that a typical re-execution
reproduction cannot detect the former, though it can be combined with a re-implementation
reproduction to provide evidence against reporting mistakes. The verifying function of
redoing activities is their ability to detect mistakes that threaten the internal consistency of
the computational aspects of a scientific work. One way of detection is by comparing the
results for identity or consistency. As direct replications cover more types of mistakes,
attributing differences in results to any one of them is more difficult.

Caution must be exercised, however, as the research process depicted in Figure 1 is
simplified and the derived guide is dependent on certain assumptions, including linear
progress through the various phases and the particular points where mistakes and choices
by the reproducers can influence results. Also, the conclusions drawn from Table 1 require
that data and code were indeed used by the original authors as reported (i.e., fault cases 2
and 3 are not present). Finally, one could also question the asymmetry with which this guide
treats inherited phases as set. As a consequence, choices by the original authors during
these phases are not considered as reasons for different results. For example, if missing
values during data entry were recorded with "-999" and the original code correctly removes
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these values, whereas the re-implemented code does not (expecting "NA"), according to this
guide a different result would be attributed to a mistake by the reproducers whereas
common sense would rather attribute this to the original authors’ unconventional data entry
choice.

In section 3, we sketched the logic reproducers can follow to answer the question whether a
computation corresponds to its descriptions (e.g., methods section or source code) and, by
extension, to any referred data or results – or has a fault otherwise. A reproduction involves
checking the coherence of the descriptions involved, performing another computation, and
comparing the results. Naturally, it requires the availability of some descriptions, results, and
– in the case of an empirical study – data. At any point, reproducers may see no, exactly
one, or multiple paths forward, depending on their interpretation of the descriptions – guided
by the chosen methods standards – and any obstacles they encounter, such as
underspecification and grounds for conflicting choices.

If the reproducers obtain a result, it may differ from the original result due to varying
computational choices or because of faults. However, because a simple comparison for
identity cannot discern them, we recommend evaluating the consistency by exploring the
impact of computational choices on results before suspecting faults as a last resort. Results
are deemed consistent if they differ no more than can be expected given how any obstacles
were resolved, and inconsistent otherwise. For example, results can be demanded to only
match up to a certain precision, given that a different optimizer has been used. Importantly,
both consistent and inconsistent results are contingent on the methods standards the
reproducers chose. The consistency can also be undetermined if no result was obtained or if
it is infeasible to estimate the expected difference.

While the consistency is threatened only by faults that cause the computation to be at odds
with its description, a reproduction can separately evaluate the support for any claims
connected to the results, thus also considering the appropriateness of the data, the specified
choices, and the rule of inference. The support for claims can be considered strengthened, it
can be undetermined, or in some instances it may even be deemed weakened. Finally,
reproducers should report the scope of their reproduction by detailing which descriptions
were involved, whether source code was inherited, and to what extent any data were already
preprocessed.

We demonstrated how underspecification reduces the epistemic value of studies. For
example, if the data analysis in a study is underspecified, and a reproduction obtains results
that are inconsistent with the original article, more uncertainty remains about the reason for
the inconsistency: Either the reproducers made different implementation choices, or a
mistake has happened. For researchers aiming to facilitate verification and allow informative
reproductions, this might serve as an additional incentive to be as transparent as possible
when communicating the results of one’s research.

We discerned four special cases of faults, which can guide reproducers on where to look for
the source of differences: (1) incoherent descriptions, (2) different data, (3) different source
code, and (4) incorrect reporting of results. However, even for consistent results faults may
be left if the difference they introduce is less than the difference caused by obstacles such as
underspecification.
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The approach described here is subject to some limitations. First, the consistency evaluation
is heavily dependent on the chosen methods standards and how the expected difference is
estimated. Second, a consistent result from a re-implementation reproduction does not
guarantee that the implementations are free of any type of fault. This is because there can
be faults that just don't manifest for the collected data or cancel each other out. Third, even
identical results suggest but do not guarantee that the original computation has been
performed as described. For example, if the domain of possible results is constrained, the
original computation might contain a fault, but the reproducers might have gotten the same
result through a different approach. The reproducers might even have made a mistake on
their own, possibly the same as the original authors. Fourth, we treat the consistency of
results as a binary variable which is only an approximation of a continuous reality. Fifth, in
many instances we currently lack empirical norm values for standard cases of deviations and
the resulting differences. Sixth, we do not discern between mistakes and fraud, that is,
instances where the descriptions were written in a way to deliberately deviate from the actual
computation conducted.

Taken together, we provide a conceptual framework to describe computational reproductions
and their epistemic function of verification in detail. Revisiting the challenges described in
section 1, the procedure we recommend addresses them in several ways: (1) First, by
providing standards, common situations during reproductions can be dealt with in a
consistent manner. For example, if the source code or the data have not been shared there
is a defined way of dealing with it (i.e., changing the scope or reporting an undetermined
outcome due to failed preconditions). If the reproduced results differ from the original results
the determination of the outcome is not arbitrary. And assistance by the authors is welcome,
but the proposed definitions do not depend on their availability. (2) We believe checking the
coherence of descriptions is integral to reproductions and by treating source code as a
regular description, we acknowledge that oftentimes it is not executable anymore but it can
still provide valuable insight into the original computational choices. (3) By scoping the
outcome of a reproduction, we are transparent about its limitations. Typical re-execution
and re-implementation reproductions serve different purposes and the description scope
makes that known. Similarly, a reproduction working with preprocessed data has its worth, if
one keeps in mind that only faults after the preprocessing can be identified by them. Lastly,
by being explicit about which results are part of the scope, it becomes obvious that a
scientific work is typically not reproduced in whole, but that a reproduction always makes a
statement about a particular result.

Finally, with the conceptual framework in mind one can make some recommendations for
reproducers and original authors. If possible, reproductions should use the primary data, that
is, the first digital representation of the original records, so fewer faults can go unnoticed. In
addition, ideally all descriptions available to the reproducers should become part of the
scope, thus checked for coherence with each other and informing the computation. Every
deviation from this default should be specifically indicated when stating the scope. To ease
the work of reproducers, original authors should include a “computation summary” in their
appendix, detailing (1) the claims they make, (2) which results support these claims, (3) the
rules of inference connecting claims and results (i.e., when is a claim considered
strengthened or weakened), and (4) which are the most important claims and results.

We hope that our procedure for conducting and reporting reproductions helps reproducers to
make the relevant choices, and also to achieve some standardization in the reporting of the
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outcomes of reproductions. Such a common language would have the potential to improve
and speed up meta-scientific research on the reproducibility of science and facilitate
knowledge formation in the individual disciplines.
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7. Appendix
Figure A1

Detailed Flowchart for Performing a Reproduction of One Result
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Figure A2

Reproduction Report
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Figure A3

VAST Display 1 “Descriptions describe computations”
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Figure A4

VAST Display 2 “Inferring computations from descriptions”

61



Figure A5

VAST Display 3 “Computational choices”
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Figure A6

VAST Display 4 “Code”
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Figure A7

VAST Display 5 “Coherence of descriptions”
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Figure A8

VAST Display 6 “Data”
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Figure A9

VAST Display 7 “Computation”
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Figure A10

VAST Display 8 “Result”
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Figure A11

VAST Display 9a “Re-execution”
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Figure A12

VAST Display 9b “Faults”
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