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The Replication Value (RVCn) metric was introduced to help researchers prioritize stud-
ies for replication based on expected utility. While we welcome the introduction of this
straightforward and systematic replication decision approach, we identify two limita-
tions of the RVCn. First, when testing the “repeatability” of a study or systematically
incorporating replication into a research workflow, the RVCn may not always be the
most suitable metric to guide decisions. Use cases should consider the scope conditions
of the metric. Second, the RVCn shows limited sensitivity in distinguishing between
studies with large sample sizes. To address this, we propose a simple adjustment: a log
transformation of the sample size component. This modification improves the metric’s
discriminatory power for high-N studies and better aligns the (RVCn) with its intended
purpose: guiding efficient and meaningful replication efforts.
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Introduction

To help researchers determine which studies to repli-
cate, Isager et al. (2025) introduced the Replication
Value (RVCn), “a proxy for expected utility gain” (p.
1). While the RVCn is a promising tool for prioritizing
replication efforts, its utility is limited in specific con-
texts. Our commentary addresses two key limitations
of the RVCn. First, we identify situations where this
metric is less appropriate to use (see, e.g., Freese & Pe-
terson, 2017). Second, the RVCn loses discriminatory
power when applied to studies with large sample sizes,
which poses challenges for fields that rely heavily on
such studies (see, e.g., Arel-Bundock et al., 2024; Sun
et al., 2025). Addressing these issues is essential for
ensuring the RVCn achieves its goal of guiding effective
replication efforts.

Limitation 1: The RVCn is not applicable to all types
of replications

The RVCn is, according to Isager et al. (2025), useful
for "any researcher, funder, journal or other stakeholder
who wishes to direct limited resources towards impor-
tant replication targets" (p. 35). However, Isager et al.
(2025) do not explicitly specify which type of replica-
tion is best suited for the RVCn. Here, we discuss two
scenarios in which the RVCn may be less applicable.

Scenario 1: Replication to test a study’s repeatability
of a study

Repeatability is a type of replication where “re-
searchers collect new data to determine whether key
results of a study can be obtained using the original pro-
cedure“ (Freese & Peterson, 2017, p. 152). In the social
sciences, a researcher can, for instance, test the repeata-
bility of a study across different contexts (e.g., different
countries) or time periods. In such cases, the RVCn may
not be the best metric to guide decisions. For exam-
ple, some of us tested the repeatability of study findings
by Soroka et al. (2019) in a different context. Using
the same stimuli and procedures, we directly replicated
and extended the study in the Netherlands (Dubèl et
al., 2024). However, had we used the RVCn to rank-
order studies as Isager et al. (2025) propose, the study
by Soroka et al. (2019) would not have been selected.
The RVCn for Soroka et al. (2019) is 1.67 (371 citations
in 6 years and a sample size of N = 1100). This RVCn

is lower than directly related studies (e.g., Lang et al.,
1996; Soroka & McAdams, 2015), which have higher
RVCn values of 5.66 (Soroka & McAdams, 2015) and
1.75 (Lang et al., 1996). Despite this, we chose to repli-
cate Soroka et al. (2019) because of its agenda-setting
nature and its impact across multiple fields.

Scenario 2: Systematic Replication in Research
Workflows

Another scenario where the RVCn is less applicable is
when a researcher systematically integrates replication
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into their workflow (Chambers, 2017). For instance,
the starting point of a PhD dissertation could involve a
direct replication of a study that is highly relevant to the
dissertation’s central research question. In such cases,
a PhD student might replicate a study with relatively
high uncertainty (i.e., low sample size) to increase
confidence in the findings. Alternatively, a PhD student
might choose to replicate a study with a lower RVCn

because it aligns closest with the core idea of their dis-
sertation. Moreover, some PhD students might choose
to replicate studies with relatively low uncertainty (i.e.,
high sample size) to further strengthen confidence in
an already robust result (Chambers, 2017).

These examples demonstrate that when testing the
“repeatability“ of a study or systematically incorporat-
ing replication into a research workflow, the RVCn may
not always be the most suitable metric to guide deci-
sions. While the RVCn provides a useful heuristic for
prioritizing replication targets, it does not fully account
for the diversity of replication objectives and contexts.
Going forward, future refinements to the RVCn and its
proposed use cases should consider the scope conditions
of the metric.

Limitation 2: the RVCn does not Discriminate Well
when Comparing Studies with Large Sample Sizes

The RVCn formula introduced by Isager et al. (2025)
is a function of citation count and sample size. Ci-
tations and sample sizes, however, vary significantly
across fields. The authors of the RVCn acknowledge that
field-specific differences in citation practices influence
the metric’s behavior. Specifically, they note that “[...]
article citation counts tend to systematically vary be-
tween research fields [...]“ and propose addressing this
with a “field-weighted citation impact” that normalizes
citation counts against the average citation count within
a specific field (p. 16, Isager et al., 2025). This adjust-
ment ensures that the RVCn accounts for differences in
citation norms across fields.

However, the RVCn does not account for systematic
differences in sample size between fields, even though
fields with large sample sizes also contend with uncer-
tainty (Arel-Bundock et al., 2024; Sun et al., 2025).
In disciplines like political science, communication sci-
ence, and economics, large sample sizes are common
(see, e.g., Amsalem & Zoizner, 2022; Huber et al.,
2023; Kertzer, 2022, for meta analyses reporting large
sample sizes in these fields). For instance, political
science frequently relies on large-scale surveys such as
the American National Election Studies (ANES) and the
European Social Survey (ESS) to study public opin-
ion. Similarly, economics utilizes datasets like the Panel

Study of Income Dynamics (PSID) and the World Bank’s
Living Standards Measurement Study (LSMS). Commu-
nication research often involves datasets derived from
social media platforms such as Twitter/X or Facebook.
Ignoring systematic differences in sample size could re-
duce the RVCn’s discriminatory power across fields, neg-
atively impacting its intended use “for study selection
across a variety of scientific disciplines” (Isager et al.,
2025, p. 35). This raises an important question: How
well does the RVCn capture uncertainty when sample
sizes are large? We investigate this question and pro-
pose a simple revision to the RVCn formula.

To illustrate the issue, let us consider two studies
with relatively small sample sizes, Study A and Study
B, which each receive 20 citations in their first year.
Study A has a sample size of N = 50, resulting in a
multiplicative term of 0.141 ( 1

√
50

). Study B, with a sam-
ple size of N = 200, results in a multiplicative term of
0.071 ( 1

√
200

). Consequently, the RVCn for Study A is 1.41

( 20
1+1 × 0.141), while for Study B it is 0.71 ( 20

1+1 × 0.071).
Study A therefore has a higher RVCn and would be pri-
oritized for replication.

As sample sizes increase, however, the second part
of the RVCn formula ( 1

√
n ) approaches zero. This means

that for studies with large sample sizes, the RVCn be-
comes almost entirely dependent on citation count. To
illustrate our point, we conducted simulations varying
sample size and plotted the RVCn across a range of cita-
tion counts (x-axis) and years since publication (y-axis)
– to access the code, see: https://osf.io/kqjpz/. In Fig-
ure 1, brighter yellow colors indicate higher RVCn val-
ues, while darker blue colors indicate lower values.

The top row of Figure 1 shows RVCn outcomes for
sample sizes of N = 50 (left), N = 500 (middle), and
N = 3000 (right). For smaller sample sizes (N = 50),
the RVCn demonstrates good discriminatory power, with
clear variation in values, especially as citation counts
increase. However, as sample sizes grow (N = 500 and
N = 3000), the RVCn values approach zero in most cases,
as indicated by the predominantly dark blue panels.
This demonstrates the reduced discriminatory power of
the RVCn at large sample sizes.

We propose a simple modification to the RVCn for-
mula by taking the logarithm of the sample size to better
account for large sample sizes:

RVCnrevised =
(

citations
years_since_pub + 1

)
×

(
1

log(n + 1)

)
This simple adjustment reduces the influence of sam-

ple size as it grows, thereby improving the discrimina-
tory power of the RVCn across studies with large sam-
ples. The bottom row of Figure 1 shows the revised
RVCn outcomes for N = 50 (left), N = 500 (middle), and
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Figure 1

Original and Revised Replication Values for Different Sample Sizes.
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Note. Heatmaps of simulated replication values (top: original; bottom: revised) for three different sample sizes

(left: N = 50; middle: N = 500; right: N = 3000). RV values are indicated by colour, with the colour spectrum
ranging from dark blue (lowest RV) to yellow (highest RV).

N = 3000 (right). It demonstrates that at small samples
(N = 50), the original and revised RVCn can be used as
both have good discriminatory power. Yet, compared

to the original RVCn, the revised version demonstrates
greater variation in RVCn values for large sample sizes,
as indicated by the broader range of colors in the middle
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and right panels.
Our simulations demonstrate that as sample sizes in-

crease, the differences in the RVCn values in its current
form diminish significantly, reducing its discriminatory
power. Although the rank-order of studies remains un-
changed, the RVCn is intended to represent replication
value rather than mere rank. This distinction is crit-
ical because the magnitude of RVCn should accurately
reflect meaningful differences, rather than being dis-
proportionately influenced by field-specific variations in
sample size. In fields with large sample sizes, stake-
holders such as journal editors and funders, risk making
decisions based on negligible differences at the second
decimal place, while fields with smaller samples exhibit
more substantial variation. This disparity becomes par-
ticularly problematic when the RVCn is used to prioritize
replication targets across disciplines with systematically
different norms for sample size.

Our revised RVCn formula offers a straightforward yet
effective solution. By incorporating the logarithm of
sample size, it mitigates the overweighting of citations
and restores the metric’s ability to discriminate between
studies with large samples. This adjustment preserves
the interpretability of the RVCn and the conciseness of its
formula, while addressing its limitations, ensuring fairer
and more accurate allocation of resources for replica-
tion efforts across diverse fields.

Conclusion

We applaud Isager et al. (2025) for the introduction
of the RVCn. We hope that our comment supports the
discussion about the use and functioning of the RVCn
moving forward.
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