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ABSTRACT.

Repeating original studies using existing data (reproducibility) or new data (replicability) is
key to improving the credibility of scientific results. Here, we focus on replications, which
can be broadly categorized into direct replications—testing the original hypothesis in new
data using the original analysis and design—and conceptual replications—testing the
original hypothesis in new data using an alternate analysis and/or design. While
encouraging replications is important, increasing their visibility and impact is equally
crucial. Large-scale replication projects have generated valuable insights into the overall
level of replicability across fields, but they typically emphasize aggregate estimates. We
argue that this focus obscures the informational value of individual replication studies.
Each replication provides independent evidence for updating beliefs about the likelihood
that the underlying hypothesis is true and the magnitude of the effect. Publishing and
disseminating individual replications as standalone contributions can therefore enhance
their role in the cumulative advancement of scientific knowledge.
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LAY SUMMARY. This editorial argues that researchers should replicate more existing
findings—that is, repeat earlier studies to see whether their results hold up. But more
replications alone are not enough: these studies also need to be more visible and
recognized within the scientific community. The authors highlight that individual
replication studies focusing on single results are valuable in their own right. Each one
provides new evidence about whether a finding is reliable and how strong its effect is. This
complements large-scale replication projects, which combine many studies to give an
overall picture. Treating individual replications as standalone contributions can therefore
deepen our understanding beyond these broader summaries.
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From Replication Rates to Replication Evidence

Introduction

The publication of the Reproducibility Project: Psychology (RP:P) brought replications to the
forefront of scientific research in the social sciences (Open Science Collaboration 2015). The
project examined whether 100 key findings published in leading psychology journals could
be replicated. Of the 97 studies that originally reported statistically significant results, only
36% replicated, defined as finding a statistically significant effect (p < 0.05) in the original
direction. The RP:P was followed by several additional large-scale replication projects in the
social sciences (e.g., Camerer et al. 2016; 2018; Klein et al. 2018; Cova et al., 2021; Errington
et al. 2021; Davis et al. 2023; Holzmeister et al. 2025; Tyner et al. 2026). Taken together,
these efforts suggest a replication rate of approximately 50%, both in terms of the share of
replications yielding statistically significant effects in the original direction and in terms of
the magnitude of replicated effect sizes relative to the originals.!

While these large-scale replication efforts have had a substantial impact in raising awareness
of the limited credibility of published findings and the importance of replications, the results
of individual replication studies often receive limited attention and are not effectively
disseminated once aggregated into large-scale projects. In what follows, we discuss
replications of quantitative studies in more detail, starting with defining key concepts and
outlining the characteristics of high-quality replication studies. We then consider the impact
of replications and how their contribution to the accumulation of knowledge can be
improved. In particular, we argue that largely treating individual replications as inputs into
aggregate replicability statistics underutilizes the informational value of replication studies
and precludes effective belief updating and efficient knowledge accumulation. We conclude
with several suggestions for future practice.

Key concepts

There has been considerable confusion in the literature regarding the meaning of terms such
as reproducibility and replicability. In recent years, a consensus has emerged defining
reproducibility as the ability to regenerate original results using the same data, and
replicability as the ability to regenerate findings in new data. Under these definitions, the
RP:P assessed replicability rather than reproducibility. Following the terminology in Dreber &
Johannesson (2025a), reproducibility can be divided into computational, recreate, and
robustness reproducibility, while replicability can be divided into direct and conceptual
replicability. These distinctions are not only conceptual but also have implications for how
replication evidence is generated, interpreted, and ultimately disseminated—an issue we
return to below.

Computational reproducibility has a long tradition in the social sciences (e.g., Dewald et al.
1986) and refers to the ability to reproduce original results using the authors’ data and code.
While computational reproducibility has been argued to constitute a minimum requirement

! For a regularly updated overview of large-scale replication projects—including both completed and
ongoing efforts across the social sciences and humanities—see the FORRT Replication Hub, which
offers a useful entry point for tracking developments in large-scale replication research.
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for credible and trustworthy empirical research (e.g., Stark 2018), evidence suggests that it
has been disappointingly low in many settings (Chang & Li 2017; Gertler et al. 2018;
Perignon et al. 2024). However, it remains unclear whether and to what extent failures of
computational reproducibility introduce systematic bias in reported effect sizes or instead
resemble random measurement error. Somewhat surprisingly, the question of systematic
bias has received little attention in this literature. The increasing use of data editors at
journals—who verify that submitted data and code reproduce reported results prior to
publication—can be expected to substantially improve computational reproducibility (e.g.,
Vilhuber & Cavanagh 2025), even though some coding and data errors may still go
undetected.

Recreate reproducibility refers to attempts to recreate published results without access to
the original code and/or dataset (while using the same data sources and analytical
procedures as described in the paper as closely as possible). Recent evidence suggests that
such efforts tend to yield weaker support for the tested hypotheses (Delios et al. 2022; Black
et al. 2024).

Robustness reproducibility, or simply robustness, examines how sensitive published findings
are to alternative analytical choices applied to the same data. Several recent large-scale
robustness studies point to the limited robustness of many published findings (Campbell et
al. 2024; Aczel et al. 2026; Brodeur et al. 2024). Because no new data collection is required,
robustness analyses are generally less resource-intensive than replication studies and may
be more prevalent nowadays. However, their ability to inform about true underlying effect
sizes is limited, as any biases in the original sample carry over to the robustness tests. In
addition, assessing the quality of robustness analyses is arguably more challenging than
evaluating replication studies.

Replication studies can be categorized into direct and conceptual replications. Direct
replications aim to implement the same design and analysis in a new sample, whereas
conceptual replications test the same hypothesis using alternative designs and/or analytical
approaches in new data. Dreber & Johannesson (2025a) further distinguish replications
based on whether the new data come from the same, a similar, or a different population.
Replications drawing on the same population are rare, as they require collecting
independent samples from the same population.

In practice, the boundary between direct and conceptual replications is often blurred, as
even minor design changes can make classification ambiguous. Nevertheless, the distinction
is important, and conceptual replications differ in a fundamental way, as they are less prone
to inheriting biases embedded in the original study’s design or analysis. For example, if an
original analytical approach systematically overestimates effect sizes, direct replications
using the same analysis will inherit this bias, whereas conceptual replications that
implement an alternative analysis may not. Since most large-scale replication projects rely
on direct replications, their estimates of effect sizes may be systematically upward-biased. At
the same time, many studies that effectively function as conceptual replications are not
labeled as such in the published literature, possibly because framing a study as a replication
is perceived to reduce publication prospects.
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A third category of replication studies, which has received little attention yet, is multiverse
replications. These involve conducting a multiverse analysis (Patel et al. 2015, Steegen et al.
2016, Simonsohn et al. 2020) in an independent sample, systematically exploring a multitude
of reasonable analytical choices. Multiverse replications combine elements of replication
and robustness tests: they mitigate biases tied to specific analytical choices and reduce the
impact of researchers’ degrees of freedom. While still rare, they represent a promising
direction, particularly if extended to variations in both research designs and analyses (Huber
et al. 2023).

Why do studies fail to replicate?

Evidence from large-scale replication projects shows that many studies reporting statistically
significant findings fail to replicate. Within the conventional null hypothesis testing model,
several mechanisms can account for such failures (loannidis 2005). First, testing hypotheses
with low prior probabilities increases the likelihood that statistically significant findings are
false positives (Dreber et al. 2015; Johnson et al. 2017). Second, low statistical power inflates
the false positive rate (Button et al. 2013). The bias arises from the selection of results based
on statistical significance: in low-powered studies, estimated effect sizes must exceed the
true effect size to reach significance, leading to systematically inflated estimates.

Beyond the conventional framework, additional factors such as heterogeneity in effect sizes
and selective reporting of results can further contribute to replication failures. Analytical and
design heterogeneity imply that different yet justifiable analytical choices and research
designs can vyield systematically different effect-size estimates. As a result, analyses or
designs that produce larger effects are more likely to achieve nominal statistical significance
and be reported, generating false positives (Holzmeister et al. 2024). Importantly, such bias
can occur even in preregistered studies that rely on a single analysis and design.

Selective and opportunistic reporting of results—often referred to as p-hacking—constitutes
another important source of bias (Simmons et al. 2011; Gelman & Loken 2014; Brodeur et al.
2016, 2020). Researchers may, intentionally or unintentionally, report only a subset of
conducted analyses, typically those yielding larger effect sizes and/or smaller p-values,
thereby increasing the likelihood of publication. This selective process further amplifies
distortions in the published evidence base and contributes to the low rate of successful
replications.

The above reasons for replication failures are based on the original findings being false
positives. But it should also be noted that true original claims may fail to replicate due to
insufficient replication power, a point we return to below.

How should we measure replicability?

There is no consensus on how best to measure replicability, and a range of indicators has
been proposed in the literature (Heyard et al. 2025). Still, two indicators are the most widely
used for original results reported as statistically significant. The first is the statistical
significance indicator, which defines a successful replication as one that yields a p-value <
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0.05 and an effect in the same direction as the original study. The second is the relative
effect size indicator, which measures replicability as the ratio of the replication effect size to
the original effect size.?

While these two replication indicators are closely related at the aggregate level, they capture
slightly different aspects of replicability. The statistical significance indicator is sensitive to
the replication study's statistical power, whereas the relative effect size indicator also reflects
the inflation of effect sizes in original studies, accounting for both false positives and
exaggerated true positives.

With high replication power, the two measures are mechanically linked: the relative effect
size indicator approximates the product of the share of statistically significant replications
and the mean relative effect size among those studies that successfully replicated according
to the significance indicator. For example, if 50% of studies replicate according to the
significance indicator and the mean relative effect size among these studies is 80%, the
mean relative effect size will be 40% (0.5 x 0.8; see Dreber & Johannesson 2025b).

As a measure of the aggregate replication rate across a set of studies, the average relative
effect size is preferable, as it is not directly affected by replication power and captures the
inflation of effect sizes not only for false positives but also for true positives. At the same
time, the two indicators address complementary questions: (i) whether the original
hypothesis receives statistical support in new data, and (ii) how large the replication effect
size is relative to the original estimate. Alternative measures of replicability, such as, e.g., the
small-telescopes approach (Simonsohn, 2015) or prediction intervals (Patil et al. 2016),
answer complementary questions but come with their own caveats and limitations (for a
discussion, see, e.g., Camerer et al. 2018 and Holzmeister et al. 2025). In most applications,
the statistical significance indicator and the relative effect size indicator are often sufficient
to draw reliable conclusions about replicability, especially in the context of meta-studies that
aggregate results from several replication attempts. For individual replications, it is further
worthwhile to estimate how prior beliefs about the tested hypotheses are affected by the
replication outcome, which captures an additional and important dimension of replicability
(see below for details).

What do we learn from replications?

Replications contribute to the accumulation of knowledge by providing new evidence on
whether a tested hypothesis is likely true or false and on the magnitude of the true
underlying effect. From a Bayesian perspective, this implies updating prior beliefs about the
probability of the hypothesis being genuinely true. A successful replication increases this
probability, whereas a failed replication decreases it.

2 Note that these two indicators apply to original results reported as statistically significant. The
replication project led by Cova et al. (2021) also included studies whose main conclusion was the
absence of a statistically significant effect. For further discussion of how to assess replications of null
findings, see Pawel et al. (2024).
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Using data from the RP:P, Dreber et al. (2015) estimate that a successful replication—defined
in terms of the significance indicator—increases the median probability that a hypothesis is
true from 56% to 98%, while a failed replication reduces it to 6%. While these estimates are
specific to the RP:P, they illustrate that replications can substantially shift normative beliefs
about the likelihood that a hypothesis is true and about the validity of scientific claims.

At the same time, quantifying belief updates for individual replication studies is not
straightforward, as it requires information or assumptions about the prior probability before
conducting the replication. Moreover, realizing and fully harnessing the informational value
of replications critically depends on their effective communication and integration into the
scholarly literature. This is why it is important that the detailed methods and results of each
individual replication study included in large-scale replication projects are made accessible
to researchers (see below).

Carrying out high-quality replications

How can we distinguish between high- and low-quality replications? A first key criterion is
whether the replication study was preregistered with a pre-analysis plan (or conducted as a
Registered Report), and whether the preregistration was sufficiently detailed and adhered to
in the analysis (Nosek et al. 2018; Chambers & Tzavella 2022; Dreber & Johannesson 2025b).
Ideally, all replication studies should follow either of these two approaches. For
pre-registration to increase the credibility of published findings, it is crucial that the
pre-analysis plan is detailed and strictly followed; see Dreber & Johannesson (2025b) for
more details.

A second critical factor is statistical power. Importantly, even true-positive findings tend to
have inflated effect sizes due to insufficient statistical power in the original studies, a fact
that ought to be accounted for when designing replications. Some of the early large-scale
replication projects, such as the RP:P (Open Science Collaboration 2015) and the
Experimental Economics Replication Project (EERP; Camerer et al. 2016), did not fully
incorporate this consideration and were therefore underpowered. The insufficient
replication power likely contributed to the relatively low replication rate of 36% reported in
the RP:P, which may underestimate the true share of genuine effects. Later efforts, such as
the Social Sciences Replication Project (SSRP; Camerer et al. 2018) or the MTurk Replication
Project (MTRP; Holzmeister et al. 2025), addressed this issue by substantially increasing
replication power.

A useful way to think about replication power is as the fraction of the original effect size that
the replication is designed to detect with high probability. As a benchmark informed by
meta-analytic evidence from previous large-scale projects, we recommend aiming for 90%
power to detect half to two-thirds of the original effect size. For relatively low-powered
original findings, achieving high replication power typically requires substantially larger
sample sizes than those in the underlying study. For example, if the original result is only
“marginally significant” (with a p-value close to the 5% threshold), designing a replication
with 90% power to detect one-half [two-thirds] of the original effect size requires a
replication sample size that is roughly ten times [six times] larger than the original.
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The quality of direct replications is generally easier to assess than that of conceptual
replications, as they can be evaluated—at least partially—based on how closely they follow
the original design and analysis. When original authors make their materials and code
available, a direct replication can closely mirror the original study. In such cases, beyond
preregistration and adequate statistical power, the key remaining factor for direct
replications is the population from which the replication sample is drawn. Ideally, this
population should be as similar as possible to the original.® At the same time, however,
systematically examining how effect sizes vary across populations—as, e.g., in the Many Lab
studies (Klein et al. 2014, 2018)—provides valuable additional insights into the nature of the
phenomenon under investigation and into potential moderating effects that contribute to
effect-size heterogeneity.

Several large-scale replication projects have further enhanced quality by sharing detailed
replication plans with the original authors for feedback and approval prior to data collection,
and by publicly posting (i.e., preregistering) these plans in advance. This practice can be
valuable, although it depends on the willingness of original authors to engage.

Assessing the quality of conceptual replications is generally more challenging, as it requires
evaluating whether alternative designs and analytical approaches provide appropriate tests
of the original hypothesis. This challenge strengthens the case for multiverse replications,
which systematically explore a range of justifiable analytical choices and, potentially, design
variations. More broadly, the “status” of conceptual replications should be elevated, as they
can help prevent biases embedded in the original analysis from persistently biasing tests of
specific hypotheses. Registered Reports publications are particularly well-suited for this
purpose, as they allow for critical peer review of designs, analyses, and populations prior to
data collection.

The impact of replications

As discussed above, replications can—if conducted rigorously—substantially shift beliefs
about whether a hypothesis is true and help distinguish likely true positives from likely false
positives. However, this potential is only realized if individual replication outcomes are
visible, interpretable, and accessible as independent pieces of evidence.

In this respect, the broad message from large-scale replication projects—that replicability in
the social sciences and beyond is limited—has been widely communicated (Baker 2016).
Terms such as “replication crises” and “reproducibility crises” gained prominence following
the publication of the RP:P, which has been cited extensively. Several subsequent large-scale
replication projects have likewise received considerable attention.

In contrast, the results of individual replications synthesized within these large-scale projects
are often not treated as standalone scholarly contributions, but instead remain embedded
within project-level summaries. One way to indirectly assess this is by examining citation

% What counts as ‘similar’ will depend on the hypotheses tested and phenomena investigated. For
example, whether two samples share the same religious beliefs might be more relevant for a study on
moral attitudes than for a study on memory skills.
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patterns of the original studies. If replication outcomes are incorporated into scientific
beliefs, successfully replicated studies should receive more citations, while studies that fail to
replicate should receive fewer. Empirical evidence on this question is mixed. Schafmeister
(2021) and Serra-Garcia & Gneezy (2021) find no effect of replication outcomes on citations,
whereas Clark et al. (2023) document a 14% decline in citations following failed replications.
Overall, these results suggest that belief updating in response to replication evidence is
limited.

A key implication is that initial false positive results may impose substantial and persistent
costs. Early published findings can benefit from a “first-mover advantage,” shaping beliefs,
citations, and research agendas even when later contradicted by replication evidence. This
persistence is consistent with “belief perseverance,” as documented in cognitive psychology
(Ross et al. 1975; Anderson et al. 1980). Crucially, the limited visibility of individual
replication results can reinforce this dynamic by constraining their ability to counter
influential yet potentially spurious findings. This underscores the need for more effective
dissemination of replication results—especially at the level of individual studies—as well as
for improving the quality of original studies to reduce the prevalence of false positives in the
first place.

Improving the accumulation of knowledge and moving forward

Improving the dissemination of replication evidence can be approached in several ways. One
important step is to complement the focus on meta-analytic findings from large-scale
replication projects with greater attention to individual replication outcomes. Publishing
replications as standalone contributions is a central step in this direction, as it allows
individual replication results to be evaluated through peer review and integrated into the
literature as independent evidence—a role that dedicated outlets such as Replication
Research (R2) are designed to fulfill.

Raising the status of replications within the profession is equally important, as it helps
improve incentives to conduct and publish replication work. In addition, systematically
collecting information on replication outcomes in centralized, easily accessible
databases—such as the FORRT Library of Reproduction and Replication Attempts
(FLoRA)—facilitates identifying existing replications and conducting meta-research on them
(Wallrich et al. 2026). For direct replications in particular, linking replication evidence to
original publications—for example, through references in the original study’s online version
or citation alerts—could further enhance visibility and facilitate belief updating. The
reference management tool Zotero provides an integrated retraction-detection feature
through its partnership with Retraction Watch. Tondlekar et al. (2026) recently introduced a
similar functionality for replications by linking replication information in FLoRA to references
in Zotero (see https://forrt.org/flora_zotero). This is a potentially valuable tool for improving
the visibility and use of replication evidence going forward.

At the same time, reducing the prevalence of false positives in original research remains
essential. This can be achieved by increasing statistical power, adopting more stringent
significance thresholds (e.g., p < 0.005; Benjamin et al. 2018), and prioritizing transparency
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through preregistration and Registered Reports to counteract questionable research
practices and publication bias (Nosek & Lakens 2014; Nosek et al. 2018). More broadly, there
is a need for larger and more systematic original studies that explicitly account for
heterogeneity by varying designs, analyses, and populations (Holzmeister et al. 2024),
offering a promising path toward more informative and reliable scientific knowledge.

We are also likely to see an increasing role for artificial intelligence-based methods in
supporting research on reproducibility and replicability. Such tools have already proven
useful for coding, statistical analysis, language processing, and broader scientific workflows,
and their capabilities are improving rapidly. Al methods appear particularly well-suited for
assessing computational reproducibility and facilitating robustness analyses at scale. They
may also play an important role in replication work based on retrospective data by
systematically applying comparable analyses across alternative datasets. Their role in
replication studies involving prospective data collection, such as experiments, is less clear,
but they could, for example, contribute by assessing prior distributions to estimate posterior
probabilities that hypotheses are true.

Social Impact and Responsibility

Replication research plays a central role in the accumulation of scientific knowledge by
systematically updating and correcting previously published findings. This has important
positive social implications, as it improves the reliability of the evidence base used by
researchers, policymakers, and the broader public. By providing more accurate information
about the likelihood that specific hypotheses are true and about the magnitude of
underlying effects, replication work contributes to better-informed decision-making.

At the same time, replication findings can be misinterpreted. Failed replications should not
be viewed as definitive evidence against an effect, and successful replications do not imply
proof of the hypothesis nor generalizability. Clear communication, emphasizing uncertainty
and context, is therefore essential. Replications also affect perceptions of scientific
credibility. While documenting limited replicability may challenge confidence in specific
findings, it strengthens trust by demonstrating transparency and self-correction. Improving
the reliability and interpretation of scientific evidence helps reduce risks associated with
acting on false positives or exaggerated effects, which can have broad societal
consequences.
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