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Lab and online experiments are widely used tools
in economics, as well as in other areas of the social
sciences. They are typically designed either to test
treatment effects or to elicit parameter values for
concepts such as economic preferences. While the
role of pre-registration of designs and analyses is
increasingly discussed in workflows, many other
aspects of the research process are less visible in
the communicated output. We outline what we
view as the common workflow for lab and online
experiments in economics, highlight the steps that
we believe are often ‘missing’ and discuss how these
omissions may undermine the replicability, credibility
and generalizability of published findings.

This article is part of the theme issue ‘Statistical
workflow’.

1. Background
Until not so long ago, it was widely believed that
experiments had no place in the economist’s toolbox.
For example, Nobel laureates Paul Samuelson and
William Nordhaus [1] wrote in their introductory
textbook (cited in [2]): ‘Economists have no such luxury
when testing economic laws. They cannot perform the
controlled experiments of chemists or biologists because they
cannot easily control other important factors. Like astrono-
mers or meteorologists, they generally must be content largely
to observe’. Over the past few decades, however, lab
experiments—and increasingly also online experiments
(alongside field experiments, which we do not cover
here)—have become a standard part of economics, as
well as of related social science fields not traditionally
considered ‘experimental’. Experiments are now used
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to test and refine theories, isolate specific mechanisms and generate new insights that require a
controlled environment such as the lab (e.g. [3]).

As with many other methodological approaches (e.g. [4,5]), there is growing evidence
that a substantial share of experimental results in the social sciences, including economics,
is selectively reported and fails to replicate [6–10]. This has led to increasing interest in how
researchers generate hypotheses, design studies and conduct analyses in ways that yield more
or less credible, replicable and generalizable results.1

There are many reasons why published experimental results may not replicate with new
data. First, even in the absence of selective reporting, studies with low statistical power are less
likely to replicate simply owing to sampling variability [11,12].

Second, ‘researcher degrees of freedom’ in data collection and analysis—such as testing
multiple conditions or outcomes but reporting only significant results (as discussed in e.g.
[13,14])—together with publication bias, distort the sampling distribution of estimators. This
leads to over-rejection relative to nominal significance levels and confidence intervals that fail to
achieve their intended coverage, particularly when true effects are small [15].

Third, some results may fail to replicate simply because the underlying hypotheses—
whether selected ex ante or ex post—had low prior credibility. Even if the results are statistically
significant, a Bayesian agent would still assign a low posterior probability. When hypotheses
are generated after the results are known but presented as if they were specified in advance (a
practice known as HARKing [16]), readers may be misled into overestimating the strength of
the evidence.

Fourth, results may fail to replicate because of differences in implementation between the
original study and the replication. Such differences can be unintended, arising from incomplete
protocols in attempted ‘direct’ replications, or intentional, as in conceptual replications where
researchers deliberately vary aspects of the design or analysis. In both cases, limited knowledge
about heterogeneity and generalizability makes it difficult to interpret divergent findings.

Finally, while most discussions focus on researcher degrees of freedom in analysis and
reporting, there is also considerable flexibility at the design stage of lab and online experiments.
This flexibility is rarely documented in published work.

The purpose of this article is not to catalogue all the degrees of freedom available to
experimentalists, as that would be impossible. Rather, we aim to encourage researchers to
reflect on the many decisions they face, what is currently communicated about those decisions
and how greater transparency could improve both inference (i.e. what readers take away) and
research investments (i.e. the paradigms that researchers develop and extend).

We pursue this aim by examining the typical workflow of lab and online experiments in
economics. Section 2 describes each phase of production and highlights aspects that are not
fully transparent in published papers. Section 3 discusses how transparent workflows can
enhance replicability. Section 4 concludes with a discussion of the challenges to enabling greater
transparency and potential solutions.

Our focus is on economics, both because this is where we conduct most of our own research
and because we have previously studied issues of replication, generalizability and prediction in
this context. At the same time, we draw selectively on insights from neighbouring disciplines to
situate our discussion in a broader perspective, without attempting a comprehensive review of
related work.

2. Decomposing the scientific workflow in experimental economics
The workflow of an experimental economics project involves a series of interconnected steps.
These typically include selecting a research question, formulating a hypothesis, designing the
experiment to operationalize the test, pre-testing the design in some form, collecting the main
data, conducting statistical analyses, deciding which data and results to present, choosing a
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journal and revising the manuscript in response to audience or reviewer feedback. The process
is often iterative.

In this article, we adopt a broad view of the workflow, focusing on the process up to
journal acceptance. We take this as a natural boundary, since production and evaluation
are typically intertwined. At the same time, we limit our analysis to the production and
publication of a single experiment. In practice, many experimental papers include additional
elements such as multiple experiments, simulations, observational data, theoretical modelling
or structural estimations. These added components introduce further complexity and raise
important questions for transparency, but fall outside the scope of this discussion.

While not universally followed, practices such as piloting and pre-registering designs or
analyses prior to data collection have become increasingly common in experimental economics.
For this reason, we devote particular attention to these practices. Other approaches, including
the use of simulations or large language models to select experimental parameters, remain
relatively uncommon and are left for future work.

Despite growing norms around open science, only a limited number of workflow elements
can typically be inferred from published papers. The connections between different stages of
the research process are often unclear. Although posting instructions, software files and data
are common practice in experimental economics and related fields, these materials usually
reflect only the final implementation. Academic articles rarely describe the full data-generating
process in enough detail to reconstruct how the experiment was conceived or how decisions
evolved over time. Moreover, reporting practices remain highly variable, making comparisons
across studies difficult.

In what follows, we outline what we believe to be common practice at each stage of
the experimental workflow and identify aspects that are often underreported in published
work. Where relevant, we also reflect on differences between lab and online experiments. To
move beyond purely anecdotal impressions, we refer, where applicable, to reporting patterns
observed in the 23 articles published in the three standard issues of Experimental Economics in
2024, the leading field journal for research in experimental economics.2

(a) Choosing what to study
The experimental setting limits what is possible to study while also enabling researchers to
generate their own data on new and exciting topics. In many other areas of economics, research
topics are heavily shaped by data availability and, in some cases, the feasibility of causal
inference. In experimental economics, by contrast, the methods and setting place their own
constraints on what can be meaningfully studied, even as they offer greater control.

Consider the topic of competition and moral behaviour—a question of interest not only
to economists but also to political scientists, psychologists and sociologists. Randomizing
participants to a lifetime of exposure to a capitalist versus a socialist system, holding everything
else constant and exploring how this affects their lifetime moral behaviour is beyond what the
experimentalist can achieve in a lab or online setting. Such questions might be studied using
so-called ‘natural experiments’, e.g. by comparing individuals who grew up in West versus East
Germany, but these approaches typically rely on different and often more demanding identify-
ing assumptions that can be problematic. What is feasible in the lab or online, by contrast,
is a short-run intervention: for example, participants can be randomly assigned to perform a
task under either a relative performance incentive or a piece-rate scheme (thus manipulating
the degree of competition), followed by a decision involving moral behaviour. Hence, the
credibility of causal identification is achieved, but at the expense of making narrower and less
general claims.

Research questions can remain stable throughout the course of a project or evolve sig-
nificantly over time, shaped by feasibility constraints, empirical results and feedback from
collaborators or reviewers. In most published papers, however, it is difficult to determine
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whether, or to what extent, the research question changed during the project. For instance, did
the literature review meaningfully shape the topic and approach, or were most cited papers
simply used to justify a pre-existing research focus? Did the paper’s framing or scope change
as a result of peer review? Such questions about the evolution of ideas are rarely addressed
directly in the final write-up.

Another important dimension of ‘choosing what to study’ is selecting the population to
sample from. Convenience samples—such as university students in lab settings or semi-profes-
sional online participants recruited via platforms like Amazon Mechanical Turk or Prolific
Academic—are commonly used in experimental economics. In some cases, more targeted
populations, such as finance professionals or politicians, have been studied. However, the
rationale for the choice of sample and the recruitment strategy is often not discussed at all,
making it difficult to assess potential selection bias.

Lab and online experiments face different constraints that shape the research questions they
can address. Lab experiments allow for complex, interactive and high-stakes environments but
are typically limited to smaller and less diverse samples. Online experiments, by contrast, make
it possible to recruit large and diverse samples, but are better suited to simpler, lower-stakes
designs where reduced control and limited scrutiny are less problematic. As shown in previous
work [17], lab and online pools can substantially differ in terms of data quality.

(b) Formulating a hypothesis
Hypothesis formulation is a central step in experimental research. We distinguish several
dimensions along which hypotheses can vary: importance, specificity, timing and epistemic
status.

Importance refers to whether a hypothesis is central to the study (primary) or periph-
eral (secondary). Primary hypotheses typically inform the overall design of the experiment,
particularly the main treatment and control conditions. Secondary hypotheses may be
motivated by theory or prior evidence and often relate to subgroup analyses or auxiliary
outcomes.

Specificity captures how precisely a hypothesis is stated. Some hypotheses are broad (e.g.
‘competition affects moral behaviour’), while others are more narrowly defined (e.g. ‘relative
performance incentives increase cheating in a dice game’). Many papers begin with a broad
hypothesis for motivation and then proceed to test a more specific version. Often, little
justification is provided for the level of specificity chosen, or how the broader and narrower
hypotheses are logically connected.

Timing concerns when a hypothesis is formulated: either ex ante, prior to data collection, or
ex post, in response to the data. The timing can affect both the interpretation and credibility of
a finding. For instance, a hypothesis may appear confirmatory but, in practice, has been refined
after observing the data, e.g. by restricting its scope to particular subgroups or outcomes.

Relatedly, epistemic status refers to whether a hypothesis is presented as confirmatory
(pre-specified and theoretically motivated) or exploratory (often generated post hoc, though
it could also be pre-specified as exploratory). In most published work, this distinction is not
made explicit, making it difficult for readers to assess the evidentiary status of a finding.
This is distinct from HARKing, where researchers may present hypotheses as confirmatory
even though they were not pre-specified (sometimes without realizing it), as discussed in the
introduction. Both forms of ambiguity can contribute to misperceptions about the strength of
the evidence.

Pre-analysis plans and pre-registration can help clarify the epistemic status of hypotheses.
When researchers register their hypotheses in advance, readers gain insight into which claims
are confirmatory and which are exploratory. Pre-analysis plans also help reduce the risk of
unintentional hypothesis refinement in response to observed results. While some readers may
place more weight on confirmatory evidence, others may value exploratory findings equally.
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Our view is that exploratory analysis plays a crucial role in generating new hypotheses and
should not be discouraged, but that distinguishing between confirmatory and exploratory
claims is important for honest and cumulative science.

Finally, most experimental papers draw on some form of theory (whether verbal or formal)
to justify their hypotheses and designs. Theory is usually presented prior to the empirical
analysis in the paper and serves as a source of ex ante justification. However, the timing of
theoretical development relative to data collection is often unclear. In some cases, theory may
be developed after the results are known, in a way that resembles HARKing. This practice,
sometimes referred to as ‘theory-hacking’, involves tailoring the theoretical model to fit the data
without making this process transparent to the reader. While we do not focus on this issue
in the present analysis, we view it as an important and understudied dimension of research
transparency.

(c) Conceptualization and operationalization
Moving to the next stage, the researcher must decide how to conceptualize and operational-
ize the research question and hypotheses for empirical testing. Continuing with our earlier
example, consider the hypothesis ‘relative performance incentives lead to more cheating’. What
task should be used to measure cheating? Even when narrowed to a specific setting—such as
the commonly used dice game [18]—and a more precise hypothesis like ‘relative performance
incentives lead to more cheating in a dice game’, multiple design choices remain.

First, how should the relative performance task be structured? For instance, how many
competitors should be included, and what information should be provided about them to
induce sufficient competitive pressure? Second, what level of monetary incentives should be
used in the dice game to allow for meaningful variation in cheating across conditions? Third,
should the study employ a between-subject or within-subject design to estimate the treatment
effect?

While such decisions are routinely made, the rationale behind them is rarely explained
in published papers. Yet, these choices can substantially shape the distribution of treatment
effect estimates. Researchers often have private information (e.g. gained through piloting, prior
studies or domain knowledge) about how specific experimental parameters affect outcomes.
When this knowledge is not disclosed, readers cannot assess whether the featured design
reflects a best-case scenario, a typical case or something else entirely. Greater transparency
around these design decisions would help clarify the boundary conditions of research para-
digms and offer more informative guidance for future work.

(d) Pilots
Pilots are closely related to the steps of conceptualization and data collection and are probably
among the most undisclosed elements of the experimental workflow. Based on our reading
of published experimental economics papers over the years, one might assume that pilots are
rarely used at all. For example, among the 23 Experimental Economics articles mentioned above,
only one explicitly mentions a pilot. Yet, we know from personal experience and discussions
with colleagues that pilots are commonly used, suggesting that transparency may be an issue.

Pilots can refer to any form of data collection or testing carried out prior to what is ulti-
mately labelled the main study. However, this distinction is often endogenous to the results:
if a pilot ‘works out’ particularly well, it may simply become the main data collection. Pilots
can serve various purposes, including testing recruitment strategies, assessing comprehension
of instructions, verifying that the software functions as intended or evaluating whether a
manipulation achieves its intended effect, e.g. ensuring a task is sufficiently boring or exciting
(see [19] for a more complete list of example uses).
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The various forms of piloting can be broadly categorized as ‘implementation piloting’ and
‘data piloting’ [20]. Implementation piloting refers to checks related to study logistics and
clarity and is typically unproblematic and often helpful, though it should still be disclosed.
Data piloting, by contrast, involves using early data to estimate parameters such as means and
variances for power calculations, or to assess whether the treatment appears effective under
specific design choices. This type of piloting is more problematic, as such early stage data are
typically underpowered and may yield unreliable inferences. Still, if conducted, it should be
transparently reported.

‘Design-hacking’ has been discussed in this context, referring to the practice of running
multiple pilots and tweaking the design until one produces ‘interesting’ results [3]. Returning
to our earlier example, a research team studying competition and moral behaviour might test
several closely related designs, varying some parameter values, until they observe promising
results in one condition and then scale up that version as the main study. This approach limits
the generalizability of the findings, but if the iterative piloting process is not disclosed, these
limitations only become apparent when others attempt conceptual replications or extensions.
In such cases, claims of existence (‘this phenomenon can occur’) may be mistaken for claims of
prevalence (‘this phenomenon occurs readily’).

A recent study on attitudes towards pre-registration among 519 experimental economists
at all career stages finds that a majority of respondents would like pilots to be reported in
pre-analysis plans [21]. In follow-up work, a majority of presenters at large experimental
economics conferences also reported using pilots for the project they presented. While this
is in line with our prior that pilots are often used, we did not expect that the support for
reporting them would be so high, given that they often remain unreported in papers. Beyond
helping others learn from effective piloting strategies, such transparency would also clarify
the boundary conditions of reported results. In sum, we believe—as emphasized by [19] in
the context of psychology—that piloting, when used wisely, can be extremely valuable, but
transparency about its use is essential.

Our prior, based on anecdotal evidence, is that pilots are more common in online studies
than in lab studies, and that these are often not disclosed. Online pilots are cheap and can be
performed very quickly with large samples, potentially blurring the lines between pilots and
main data collection.

(e) Data collection
In the data collection phase, researchers must make a series of decisions about sampling,
sample size, number of conditions and how participants are allocated to those conditions. Some
of these choices, such as the population from which participants were drawn, can typically
be inferred from the final paper. Others are more difficult to discern. For example, conditions
or participants may be dropped from the analysis (as discussed further below), leading to
incomplete or potentially misleading accounts of the actual workflow.

In the absence of an ex ante power calculation, papers in economics often do not explain
whether data collection followed a predefined stopping rule or how sample size was deter-
mined. For instance, it may have been shaped by funding constraints or limitations on subject
pool availability. Details such as the timing of data collection, the implementation of experimen-
tal conditions or the method of participant assignment are also often left unspecified. Were
participants randomized between sessions or within sessions? Could participants self-select
into sessions that were themselves randomized to conditions? If randomization occurred at
the session level, were standard errors adjusted accordingly? Reasons for including specific
conditions at different stages of a paper’s life—whether this is due to reviewer comments,
journal requirements or the authors’ own decisions—can sometimes, but not always, be
inferred.
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Sharing experimental instructions has long been standard practice in experimental econom-
ics, enabling others to build on prior work and assess the effect of variation in instructions. But
it is also possible to share more detailed information about other parts of the data collection
process, such as when the data was collected, how participants were allocated to conditions and
how conditions were selected. For online experiments, which are typically fully computerized,
sharing survey files (e.g. from platforms like Qualtrics) offers a direct way to document the
participant experience. These files make it possible to see not only the exact instructions but
also the structure and flow of the study, including randomization and branching logic. They
can be easily included as supplementary materials and offer greater transparency about how
the experiment was implemented. Among the 23 Experimental Economics papers we reviewed, 14
report the year of data collection, and all 23 include the experimental instructions.

(f) Analysis
When the analyses presented in a paper are based on a pre-analysis plan that is closely
followed, this step of the workflow is typically transparent. When there is no such pre-analysis
plan and/or reporting is not transparent, it becomes difficult to determine whether the analyses
were specified in advance or shaped in response to the data. In practice, many papers probably
reflect a mix of both: some analyses were pre-planned, whereas others emerged during the
research process, influenced by new ideas, feedback from colleagues, reviewer and editor
requests, robustness concerns or a desire for more convincing or statistically significant results.

To anchor ideas, consider our running example: a study on relative performance incentives
and cheating in a dice game. Suppose the experiment includes two conditions (treatment and
control), and background data are collected on participants’ gender, age and self-reported
competitiveness. If the analysis reveals no main treatment effect on cheating, the researcher
might restrict the sample to women and observe a significant effect, rationalizing it by
suggesting that women are more sensitive to contextual cues. Alternatively, an effect may
appear only among participants who are more competitive than the median, and this might
be explained by arguing that these individuals are more responsive to tournament incentives.
In another scenario, the researcher might find a significant main effect in the full sample and,
satisfied with this result, choose not to conduct any subgroup analyses (see [14] for a broader
discussion of such analytical flexibility and forking paths).

Given how central the analysis and results are to a study’s contribution, it is striking that this
stage of the workflow often remains relatively opaque. Pre-analysis plans are increasingly used
in experimental economics and can provide greater transparency by clarifying which analyses
were planned in advance. However, uptake is still far from universal, and even with a pre-anal-
ysis plan, communication about deviations can be much improved (more on this in §2h). Tools
such as multiverse analyses and specification curves offer additional ways to communicate the
robustness of findings, but are still rarely used in practice. Among the 23 papers published in
Experimental Economics that we reviewed, only seven mention a pre-analysis plan or pre-regis-
tration, none mention the word ‘confirmatory’ in relation to the study, hypothesis or test, while
seven mention the word ‘exploratory’ in that context.

(g) Write-up and dissemination
This final stage of the workflow is closely connected to all preceding steps, as it determines how
the research narrative is ultimately constructed and presented. As the paper evolves—shaped
by the authors’ own changing views, feedback from seminars or reviewer comments—the link
between the original workflow and the version conveyed in the manuscript often becomes
increasingly opaque. In some cases, this disconnect may already emerge by the time the first
draft is written; in others, it deepens further during the dissemination process.
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Consider a preprint that frames the study narrowly, for example, as a test of whether
tournament incentives increase cheating in a dice game. The published version may instead
present it as a broader contribution to the literature on competition and moral behaviour.
Alternatively, a null result for the overall sample might be moved to an appendix, while a
subgroup finding (such as a gender difference) is promoted to the main text. These kinds of
shifts may reflect reasonable narrative refinements, but without transparent documentation, it
becomes difficult to assess how the framing evolved and what prompted the changes.

One way to improve transparency would be to systematically link preprints to their
published versions, enabling readers to track changes in framing, analysis or results over time.
At the same time, such practices could affect researchers’ willingness to post early versions in
the first place, especially if discrepancies become a focus of scrutiny.

(h) Pre-registration and pre-analysis plans
While the concept of pre-registration often entails a detailed pre-analysis plan when discussed
in a field like psychology (e.g. [22]), pre-registration in economics is a more fuzzy concept and
can be as vague as a registration that a study will be conducted (see [20] for more discussion).
This is the reason why we mainly refer to ‘detailed pre-analysis plans’ in this subsection.

If studies were pre-registered with detailed pre-analysis plans and papers clearly indicated
when they followed or deviated from those plans, many of the current gaps in the reported
scientific workflow could be avoided. For example, it would become more transparent whether
the research question or hypotheses evolved over time. We have already highlighted some
benefits of pre-analysis plans in previous sections. However, they are not always used in
a way that maximizes these benefits. A pre-analysis plan might be vague, leaving considera-
ble researcher degrees of freedom [23]. Conversely, a plan might be highly detailed, but the
resulting paper may cite it merely as a signal of credibility while substantially deviating from it
without informing the reader.

In economics, there is no clear norm on how to report and discuss pre-analysis plans
and eventual deviations (e.g. [24] who study pre-analysis plans and papers in economics
and political science and document substantial lack of transparency). Pilots may also remain
undisclosed, since their existence is difficult to verify if not reported. Some researchers may use
extensive piloting precisely to inform detailed pre-analysis plans they are unlikely to deviate
from. In addition, if pre-registered studies are more likely to yield null results than non-pre-reg-
istered ones, they may be less likely to be written up, especially if authors expect difficulty
publishing them. The Registered Reports format [25], in which the study is reviewed before
data collection begins, may help mitigate this concern.

Several recent studies examine researchers’ perceived costs and benefits of pre-analysis
plans. For example, a survey of 355 researchers, mainly in psychology, finds that pre-registra-
tion is often seen as increasing both project duration and work-related stress; nonetheless,
experiences and expectations are generally positive, with most respondents believing that
pre-registration improves research quality [26]. In a survey of 519 researchers, primarily in
experimental economics, a majority report being somewhat or very favourable to pre-analysis
plans, while about a quarter are somewhat or very unfavourable [21]. This can be contrasted
with attitudes towards replications, which are almost unanimously positive in the same sample.

3. Relation to replications
We argue that a more transparent workflow can enhance replicability not only by increasing
the credibility of original results but also by reducing the likelihood of unintended differences
between an original study and its replication.

For some studies, a direct replication may not be appropriate because certain aspects
have changed over time. To continue with our running example on competition and moral
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behaviour, suppose we are now interested in a related study on the effect of peacefulness—
which might be considered the opposite of competition—on cheating. An original study used
a particular movie clip to induce emotions, and the replicators attempted a direct replication
with the goal of staying as close as possible to the original study; with another movie clip, the
replication would instead be a conceptual one. The original movie clip was, at the time of the
original study, considered extremely peaceful, and the goal of the movie is to induce feelings
of calmness and peacefulness. However, the main actor has since been convicted of repeated
aggravated assault, and the clip no longer evokes peacefulness owing to this association. If the
replication fails to reproduce the original result, it might be due to a shift in perception of the
movie clip or because the original finding was not robust.

Better documentation of how the original movie clip was selected could have helped
replicators identify a replacement that matched the spirit of the original study as closely as
possible. For instance, if the original researchers had recorded that the clip was chosen based on
participant ratings of peacefulness, that procedure—not just the stimulus—could be replicated.
More broadly, whether the element in question is a movie clip, task or another contextual
feature, it is not enough to state what one did—it is better to explain how one did it.

Piloting and design-hacking also have implications for replicability. These practices may
yield results that are more likely to replicate successfully in a direct replication but also more
likely to fail in a conceptual replication, suggesting limited generalizability. In many cases, we
believe conceptual replications can be more informative than direct ones. Still, direct replication
is often the natural first step: if an effect does not hold up even under near-identical conditions,
it may not be worth pursuing further conceptual extensions. Beyond replications, re-analyses
of existing experiments (e.g. as part of a meta-analysis) can also generate valuable insights,
provided the underlying data are relatively free from selective reporting and publication bias.

4. Discussion
Why did we keep returning to the example of a study on the effects of competition on moral
behaviour? This is an area where previous studies have reported statistically significant results
in opposite directions, with considerable variation in designs, settings and samples. In a recent
project aimed at holding everything but the design constant, multiple research teams were
asked to develop an incentivized online experiment with a control group and a treatment group
to test the effects of competition on moral decision-making [27]. More than 18 000 participants
were randomized across 45 experimental designs, randomly selected from 95 submissions. As
expected, there was wide variation in both the competition manipulations and the outcome
tasks. The resulting design heterogeneity was substantial—about 1.6 times larger than the
average standard error of the effect size estimates. Scaling up this kind of initiative could help
us better understand how workflow decisions shape the results for a given hypothesis.

Why are certain aspects of the workflow not disclosed? We see several plausible reasons:

(1) Improper documentation. Researchers often forget the many decisions made during a
project and, therefore, may not think to document them. This underscores the value of
maintaining ‘lab notebooks’, as is common in the natural sciences, to record the rationale
behind design choices, failed attempts, meeting notes with co-authors and other relevant
information. Researchers could also adopt a ‘lab handbook’, as described by [28], to share
with PhD students and collaborators. While economists typically do not work in formal
lab groups to the same extent as researchers in other fields, such a handbook could still
serve as a living document covering scientific principles, roles and expectations, open
science practices, data management, ethics, safety and more—especially in settings where
not all research activities are visible to every member of a research team [28].

(2) Opaque peer review. Journals also bear some responsibility for the lack of transparency.
Reporting guidelines are often vague and rarely require disclosure of important aspects
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of the workflow, such as whether pilots were conducted or how specific design and
analysis choices were made. Moreover, the peer review process itself can directly shape
the research workflow by prompting authors to add new conditions, collect more data
or deviate from their pre-registered analyses. Yet, it is often unclear which changes stem
from reviewer or editorial demands. Journals could improve transparency by requiring
authors to include a brief summary of major changes made during peer review, published
alongside the final article. More broadly, a shift towards a more open peer review process
could help, and survey evidence suggests some support for this among experimental
economists [29].

(3) Self-image concerns. Reflecting on failed pilots or design missteps can be ego-threatening,
especially when researchers view these setbacks as personal shortcomings. This may
discourage honest self-assessment or the disclosure of lessons learnt and undermine the
efficacy of post-mortems. Third-party involvement (such as a mentor, co-author or senior
colleague) can help reframe the post-mortem process as a shared opportunity for growth
rather than a personal reckoning. Over time, fostering a culture that values thoughtful
reflection, e.g. through opinion pieces or open discussions, may encourage researchers to
engage more openly with their own workflows.

(4) Researchers may fear that disclosing failed pilots or flawed design choices will make
others question their competence or professionalism (‘Why couldn’t they anticipate this?
I would have never run such a stupid treatment!’). To this date, we do not know if these
fears are actually warranted, although existing incentives clearly tend to reward polished
success over transparent reflection. Journals, funders and universities could help shift
this norm by encouraging brief methodological reflections, soliciting ‘what didn’t work’
sections or recognizing workflow transparency through open materials badges. Enabling
citation of protocols (e.g. by assigning DOIs) could further increase discoverability and
help align transparency with researchers’ professional incentives. Dedicated journals
(such as the Journal of Trial and Error) could also support this effort, though we believe
these issues should be discussed in general economics journals for broader effect. How to
build effective reward systems is still an open question, but it is worth noting that some
universities (for example, in the UK) now include open research outputs in promotion
criteria and research assessments [30].

Building on our discussion in §3, we argue that better documentation of the workflow is
important for at least five reasons:

(1) Replicability. Better workflow documentation can help original authors build on their own
work and enable others to replicate or extend studies. Without sufficient detail, it may be
difficult to distinguish between a direct and a conceptual replication.

(2) Efficiency. Transparency about the workflow allows researchers to identify which steps
are essential, which can be streamlined and which might be unnecessary, making future
projects more efficient.

(3) Equity. Sharing the ‘recipe’ for successful projects can level the playing field, giving
researchers with fewer resources or less access to informal knowledge the tools to
succeed.

(4) Value of information. While researchers may worry that disclosing failed attempts will
make them look like ‘low types’, the reverse is often true: if a novel task or paradigm
emerges after several iterations, knowing what did not work can increase appreciation
for the final result. Without this context, especially given our natural hindsight bias, the
outcome may appear obvious or trivial.

(5) Credibility. More complete documentation of the workflow enhances credibility by
reducing researcher degrees of freedom and limiting opportunities for selective reporting.

While we have focused on what we see as key building blocks in the workflow of experimen-
tal economists, there are additional steps and disclosures that we have not covered here—
many of which could generate substantial benefits if shared. For instance, the growing use of
artificial intelligence is likely to shape multiple stages of the research process, and transparency
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about how these tools are used will become increasingly important. Similarly, lab and online
experiments typically require ethical approval or a waiver from an institutional review board
or equivalent body. Yet discussions of how ethical concerns were handled—if any arose—are
almost never reported. Finally, information on the financial and time costs of running experi-
ments remains scarce, even though such information is critical for evaluating the feasibility and
value of research. In sum, we believe there should be more attention to what happens ‘behind
the scenes’.3

We also recognize that many of our own projects have not followed fully transparent
workflows. Writing this text has prompted us to reflect on what we could do better as experi-
mental researchers, and we hope it does the same for readers.4
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Endnotes
1While this paper focuses on experimental economics, we believe there are even stronger reasons to be
concerned about the credibility of non-experimental quantitative research in economics and the social
sciences (e.g. [4,5]). Experimental studies have been the focus of replication efforts in part because
replication is actually feasible in this context, unlike for many other methods and data sources where
replication is difficult or impossible.
2The data are available on https://osf.io/gysf5/.
3One of us (Séverine Toussaert) has set up a ‘Behind-the-Scenes’ seminar series with Vatsal Khandelwal,
the goal of which is to learn about the production of research papers. The seminar allows students and
researchers in all fields and at all career stages to discuss their research process and share challenges and
solutions (https://www.bts-seminar.net/).
4In the spirit of this article, we briefly outline our own workflow. Anna Dreber produced the first
draft, which was then edited to incorporate additional ideas from Séverine Toussaert. Reviewer feedback
prompted us to substantiate our claims with further references and to include descriptive statistics on
reporting practices in recently published experimental economics papers. The manuscript underwent
extensive editing with the assistance of ChatGPT-4o and ChatGPT-5. All remaining errors are our own.
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