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Forking-Peeks:
When Optional Stopping Meets Analytic Multiplicity
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Abstract Researchers sometimes make two flexible choices during a study: they look at results
before data collection is finished, and they try several defensible analyses before deciding what to
report. We call the joint use of these practices Forking-Peeks. Using computer simulations of simple
two-group studies, we show that either practice alone can increase false-positive findings, but their
combination can do so dramatically. In one illustrative setting with 16 correlated analysis options
and four interim looks at the accumulating data, a nominal 5% false-positive rate rose to about 70%
when the analyst repeatedly selected the best-looking analysis. Even a seemingly more consistent
strategy, choosing the best-looking analysis once and then keeping it fixed, still produced severe
inflation because the initial choice was data-dependent. The same selection process also made sta-
tistically significant effects look larger than they really were. Themanuscript provides reproducible
code and visual risk maps to help readers understand how small, plausible research decisions can
compound when data collection and analysis remain flexible. We conclude with practical recom-
mendations: plan stopping rules in advance, use valid sequential designs when interim looks are
needed, treat multiple analyses as multiplicity, and report effect sizes and intervals rather than re-
lying on a single threshold.
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Introduction

Null-hypothesis significance testing and the p-value remain
common tools for making evidential claims in psycholog-
ical and behavioral science. These tools can work as in-
tended when the sample size, outcome, exclusion rules,
and analysis plan are fixed before the data are examined.
Problems arise when those choices are adjusted after see-
ing partial or complete results. Such adjustments are of-
ten called researchers’ degrees of freedom because they
give analysts room to make reasonable-looking decisions
that nevertheless change the probability of finding a statis-
tically significant result.

One common flexibility is optional stopping, also called
data peeking. In this practice, researchers examine results
during data collection and stop when the result becomes

significant or looks close enough to significance to con-
tinue. Repeatedly applying an ordinary .05 test at several
interim looks is not the same as conducting one planned
test, and it can increase the long-run rate of false-positive
findings (Simmons et al., 2011; Stefan & Schönbrodt, 2023).

Importantly, not every interim analysis is problematic.
Planned sequential designs can be valid. In such designs,
researchers decide in advance how often they will look
at the data and what evidence threshold will be used at
each look. Classical group-sequential methods and alpha-
spending approaches protect the false-positive rate by bud-
geting the total error rate across the planned looks rather
than simply reusing the .05 threshold each time (Pocock,
1977; O’Brien & Fleming, 1979; Lan & DeMets, 1983; Lak-
ens, 2014).

A second flexibility is analytic multiplicity. Researchers
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Figure 1 False-positive rate (Type I error) under key workflows (δ = 0, ρ = 0.3). Error bars showWilson 95% confidence
intervals. Because the y-axis spans severe inflation to display Forking-Peeks conditions, differences among near-nominal
workflows (e.g., fixed-n vs. p-zone with m = 1) appear visually small; see Table 2 for exact estimates and confidence
intervals.

may have several plausible outcomes, transformations, ex-
clusion rules, or model specifications. If these options are
explored and the most favorable result is reported, the re-
ported analysis is no longer equivalent to a single prespec-
ified test. Gelman and Loken (2013) describe this problem
as the garden of forking paths: the analysis path can be
shaped by the data even when researchers do not set out to
fish for significance. Multiverse and specification-curve ap-
proaches make such choices more transparent by display-
ing how conclusions vary across reasonable specifications
(Steegen et al., 2016; Silberzahn et al., 2018; Simonsohn et
al., 2020).

Most demonstrations treat optional stopping and an-
alytic multiplicity separately. That separation is useful
pedagogically, but real research workflows can combine
the two. An analyst may look at interim results while
also exploring several analysis choices and then decide
whether to continue, stop, or report the most favorable re-
sult. We coin the term Forking-Peeks for this combined
workflow: repeated peeking at accumulating datawhile se-
lecting among multiple analytic forks.

The goal of this paper is not to accuse individual re-
searchers of intentional misconduct. Rather, we use sim-
ulation as a teaching tool to show how apparently small
and individually defensible decisions can compound. We
model a simple two-group design, vary the number and

similarity of analysis forks, and compare two selection
strategies. In the Re-choose strategy, the analyst selects the
best-looking fork at each interim look. In the Lock-in strat-
egy, the analyst selects the best-looking fork at the first look
and then keeps that fork fixed. The Lock-in strategy is espe-
cially educational because it can look consistent after the
first choice, even though the first choice itself was data-
dependent.

Our contributions are:
• A factorial simulation study that maps false-positive
risk when optional stopping and analytic multiplicity
are combined.

• A comparison of two realistic fork-selection strategies,
Lock-in and Re-choose.

• A plain-language explanation of expected sample size
andwinner’s curse, so readers can see not onlywhether
a result becomes significant but also how large selected
effects appear.

• Supplementary checks showing how a simple
Bonferroni-style safeguard behaves, while emphasiz-
ing that planned sequential methods are usually better
when interim looks are intended.

• Open, parameterized Python code that reproduces the
figures and tables and can be adapted to other research
designs.
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Figure 2 Power under key workflows (δ = 0.3, ρ = 0.3). Error bars show Wilson 95% confidence intervals.

Method

Design overview

We organized the simulations into three parts. Study 1
provides benchmarks: a fixed-sample analysis and a naive
optional-stopping analysis with a single prespecified test.
Study 2 introduces p-zone stopping, a heuristic in which
data collection continues only when the interim p-value
is close to the significance threshold. Study 3 combines p-
zone stopping with multiple analysis forks, producing the
Forking-Peeks workflow.

Table 1 groups the design choices into fixed settings and
systematically varied factors. The notation is introduced
here and used only as needed. The symbol n denotes the
number of observations per group at a look. The symbol L
denotes the number of planned looks at the data. The sym-
bol m denotes the number of analysis forks. The symbol ρ
denotes how strongly the forks resemble each other. The
symbol δ denotes the true standardizedmean difference in
the population, whereas d̂ denotes the estimated standard-
ized difference from the selected analysis. The symbol R
denotes the number of Monte Carlo replications.

Data-generating process

Each simulated study compared two independent groups,
labeled A and B. At the population level, Group A hadmean
0 and Group B had mean δ. When δ = 0, there was no true
group difference; any significant finding was a false posi-

tive. When δ = 0.3, Group B had a small true advantage.
To represent multiple plausible analysis forks, each

simulated participant could have several correlated out-
come values. A high fork correlation (ρ = 0.6) means that
the forks tend to give similar information, aswould happen
when several analyses are minor variations of the same
measurement. A lower correlation (ρ = 0.3) means that
the forks are more distinct. Every fork was analyzed with
the same two-sided independent-samples t-test comparing
Group A and Group B. Thus, the simulations isolate the ef-
fect of having multiple analysis options while holding the
test family constant.

Researcher degrees of freedom

Stopping strategies. In the fixed-n condition, data were col-
lected to nmax and analyzed once. In the naive optional-
stopping condition, the same test was conducted after each
planned look; data collection stopped as soon as p < .05 or
continued to the maximum sample size. In the p-zone con-
dition, the study stopped for success when p < .05, con-
tinued only when the p-value was close to the threshold
(.05 ≤ p < τ ), and stopped for futility when p ≥ τ . This
p-zone rule is not a valid sequential design. It is a stylized
model of a practical heuristic: “continue only if the result
looks almost significant.”

Fork-selection strategies. With a single fork (m = 1),
the analysis is prespecified. With multiple forks, the an-
alyst has several correlated analysis options. In the Re-
choose strategy, the analyst evaluates all forks at each look
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Table 1 Simulation design: fixed settings and systematically varied factors.

Factor Levels / values Plain-language role
Fixed settings
Study design Two independent groups with

equal sample sizes
A simple setting familiar to most applied re-
searchers.

Test used in every fork Two-sided independent-samples
t-test

No other test families were simulated. Forks rep-
resent alternative outcomes/ specifications, not
different statistical tests.

Initial sample per group (n0) 40 First interim look.
Increment per look (∆n) 20 Additional observations per group before each

later look.
Maximum sample per group (nmax) 100 Final planned sample size if the study has not

stopped earlier.
Number of looks (L) 4 Looks occur at n = 40, 60, 80, and 100 per group;

fixed-n analyses have L = 1.
Nominal alpha 0.05, two-sided The ordinary threshold used before any adjust-

ment.
Monte Carlo replications (R) 15,000 per condition Number of simulated studies used to estimate

each rate.
Varied factors
True population effect (δ) 0, 0.3 δ = 0 estimates false positives; δ = 0.3 estimates

power and selected effect size.
Stopping rule Fixed-n; naive optional stopping;

p-zone stopping
Different ways of deciding when data collection
ends.

p-zone upper limit (τ ) 0.06, 0.08, 0.10, 0.12, 0.15, 0.20;
key examples use 0.10 and 0.15

Data collection continues only when the p-value
falls between .05 and τ .

Analysis forks (m) 1, 2, 4, 8, 16 Number of plausible analysis options available to
the analyst.

Fork correlation (ρ) 0.3, 0.6 Higher values mean that the analysis forks are
more similar to one another.

Fork-selection strategy Single; Lock-in; Re-choose How the analyst chooses among forks.

and reports the one with the smallest p-value. In the Lock-
in strategy, the analyst chooses the best-looking fork at the
first look and then applies that fork at later looks. Lock-in
is therefore more consistent than Re-choose after the first
choice, but the first choice is still data-dependent.

Outcome measures

The primary outcome is Type I error: the proportion of sim-
ulated studies that reported a significant result when the
true effect was zero. Secondary outcomes are power when
δ = 0.3, the expected final sample size per group (E[n]),
and the size of the selected effect estimate. We also report
winner’s curse, which in this manuscript means selection-
induced exaggeration: among results that pass the signifi-
cance filter, the estimated effect tends to be larger than the
true effect because favorable random errors are preferen-
tially selected.

Simulation procedure

For each condition, we ran R = 15, 000 simulated studies.
In each simulated study, we generated data up to nmax per
group, computed interim t-tests at the planned looks, ap-
plied the stopping and fork-selection rules, and recorded
whether the selected result was significant. Proportions
are reported with Wilson 95% confidence intervals (Wil-
son, 1927).

Reproducibility

All code to reproduce the simulations, figures, and tables
is provided in an accompanying repository archived with
a persistent identifier. The analysis was run in Python
3.13.5 (Python Software Foundation, 2025), using NumPy
2.3.5, SciPy 1.17.0, pandas 2.2.3, andmatplotlib 3.10.8. After
cloning the repository and installing dependencies, a single
command reproduces the full pipeline:

python run_all.py
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Figure 3 Type I error risk map for Forking-Peeks under (a) Re-choose selection (δ = 0, ρ = 0.3) and (b) Lock-in selection
(δ = 0, ρ = 0.3)

(a) (b)

The script writes all intermediate results to CSV files
and regenerates all figures. Random seeds are fixed in the
code so that the reported results can be reproduced exactly,
up to platform-level numerical differences.

Results

All square-bracketed intervals in this section are Wilson
95% confidence intervals.
Benchmark conditions. Under the null (δ = 0), fixed-
n single-analysis testing maintained Type I error near the
nominal .05 level (0.049 [0.045, 0.052]; Table 2). By con-
trast, selecting the smallest p-value across m = 16 forks
at fixed n inflated false positives to 0.473 [0.465, 0.481].
Thus, analytic multiplicity alone was enough to produce a
large increase in false positives when the selected fork was
treated as if it had been prespecified.
Optional stopping. Naive optional stopping with four
looks (n = 40, 60, 80, and 100 per group) approximately
doubled Type I error (0.115 [0.110, 0.121]) while reducing
expected sample size only slightly (E[n] = 95.4 per group).
p-zone stopping with τ = 0.10 produced a smaller false-
positive rate (0.064 [0.060, 0.068]) but also stopped very
early on average (E[n] = 41.3 per group), because many
simulated studies stopped for futility when the interim re-
sult did not look promising.
Forking-Peeks. Combining repeated looks with multiple
forks produced the largest inflation. Form = 16, τ = 0.15,
and ρ = 0.3, Type I error reached 0.571 [0.563, 0.578] un-
der Lock-in and 0.700 [0.693, 0.708] under Re-choose (Ta-
ble 2). Riskmaps in Figure 3 shows the same pattern across
the broader grid: inflation increased as the number of forks

grew andwas generally larger under Re-choose than under
Lock-in.

Results for the higher fork-correlation condition (ρ =
0.6) are now shown in Appendix Table A.1. The higher cor-
relation reduced the amount of inflation because the forks
contained more overlapping information, but the qualita-
tive conclusion did not change. For example, with m = 16
and τ = 0.15, Type I error was 0.404 [0.396, 0.412] under
Lock-in and 0.468 [0.460, 0.476] under Re-choose, both far
above .05.
Correction check. Wealso evaluated a simple Bonferroni-
style safeguard as a diagnostic check (Appendix Table A.2).
For fixed-n multiplicity, the threshold was divided by the
number of forks. For Forking-Peeks, the threshold was di-
vided by the number of forks times the number of looks.
This check controlled Type I error but was conservative:
for ρ = 0.3, the Forking-Peeks false-positive rate fell to
0.025 [0.023, 0.028] under Lock-in and 0.034 [0.031, 0.037]
under Re-choose. These results are not offered as the
best sequential design; they illustratewhy unadjusted look-
by-fork searches are unsafe and why planned sequen-
tial methods are preferable when interim monitoring is
needed.

Discussion

Key findings

The central lesson is simple: flexible data collection and
flexible analysis choices are each risky, and the risks com-
pound when they are combined. A single fixed-n analysis
behaved as expected, with a false-positive rate close to .05.
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Figure 4 Expected sample size E[n] per group under (a) Re-choose selection (δ = 0, ρ = 0.3) and (b) Lock-in selection
(δ = 0, ρ = 0.3)

(a) (b)

Naive optional stopping roughly doubled the false-positive
rate. Analyticmultiplicity alonewas evenmore consequen-
tial when the best of 16 forks was selected. Forking-Peeks
combined both mechanisms and produced the largest in-
flation.

The p-zone rule deserves careful interpretation. In our
simulations, p-zone stopping often reduced the expected
sample size because studies stopped earlywhen interim re-
sults looked unpromising. In that narrow sense, the rule
can look efficient. That efficiency is ironic: it comes from
abandoning unpromising simulated studies, not from valid
error control. Real questionable research practices may be
less efficient. Researchers might continue collecting data
despite p-values outside the p-zone, search for new out-
comes, change exclusions, or add new forks. Such behavior
could combine large sample sizes with high false-positive
risk. Our p-zone simulations should therefore be read as
one stylized heuristic, not as a complete model of all ques-
tionable research behavior.

The Lock-in strategy is also instructive. At first glance,
Lock-in can look more honest than Re-choose because the
analyst applies one analysis pipeline after the initial choice.
The problem is that the initial choice was made after look-
ing at the data. Consistency after a data-dependent choice
does not remove the bias created by the choice. This is a
useful teaching point: an analysis can be stable after selec-
tion and still require multiplicity adjustment because the
selection process itself used the data.

The winner’s curse results show why false-positive
rates are not the only concern. When selection favors sig-
nificant results, the reported significant effects tend to be

too large. In the δ = 0.3 simulations, Forking-Peeks pro-
duced high apparent power, but the selected significant ef-
fects were substantially larger than the true effect. This
means the same workflow can create a double illusion:
more discoveries and larger-looking effects.

Relation to prior work and novelty

These results align with earlier work showing that undis-
closed flexibility can produce false-positive findings (Sim-
mons et al., 2011) and with simulation catalogues of p-
hacking strategies (Stefan & Schönbrodt, 2023). The exten-
sion here is the composite workflow. Rather than asking
only what happens when researchers peek, or only what
happens when they choose among analyses, we ask what
happens when these behaviors occur together while data
accumulate.

The risk-map format is meant to be educational. It lets
readers see how false-positive risk changes as forks become
more numerous, as forks become more or less correlated,
and as the analyst chooses forks differently. The results
for ρ = 0.6 show that correlated forks are less damaging
than nearly independent forks, but they are not harmless.
This matters because real analysis choices are usually cor-
related: alternative exclusions, transformations, or related
outcomes often share much of the same information.

Practical recommendations

For confirmatory research, the safest message is to sepa-
rate exploration from confirmation. Exploration is useful
for learning and hypothesis generation, but confirmatory
p-values require prespecified outcomes, analyses, and stop-
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Table 2 Key results under the null (Type I error) and under a small true effect (power; δ = 0.3). Results shown for
ρ = 0.3. Wilson 95% confidence intervals are in brackets; E[n] is expected final sample size per group. For fixed-n con-
ditions, E[n] = 100 by design because data collection proceeds to nmax without early stopping.

Condition Type I error (δ =
0)

E[n] per group
(δ = 0)

Power (δ = 0.3) E[n] per group
(δ = 0.3)

Mean d̂ | signifi-
cant (δ = 0.3)

Fixed-n (single analysis) 0.049 [0.045, 0.052] 100.0 0.558 [0.551, 0.566] 100.0 0.402

Fixed-n (min p overm = 16) 0.473 [0.465, 0.481] 100.0 0.991 [0.990, 0.993] 100.0 0.517

Naive optional stopping (m =
1, τ = 1.0)

0.115 [0.110, 0.121] 95.4 0.636 [0.628, 0.644] 75.7 0.468

p-zone stopping (m = 1, τ =
0.10)

0.064 [0.060, 0.068] 41.3 0.339 [0.331, 0.346] 42.8 0.553

Forking-Peeks Lock-in (m =
16, τ = 0.15)

0.571 [0.563, 0.578] 50.9 0.950 [0.947, 0.954] 42.6 0.658

Forking-Peeks Re-choose (m =
16, τ = 0.15)

0.700 [0.693, 0.708] 53.7 0.978 [0.975, 0.980] 42.3 0.653

ping rules.
If interim looks are planned, researchers should use

a valid sequential design rather than repeatedly apply-
ing the same .05 threshold. In plain terms, valid se-
quential designs decide in advance how much evidence
is needed at each look so that the total false-positive
risk remains controlled across the study. Examples in-
clude group-sequential boundaries and alpha-spending ap-
proaches (Pocock, 1977; O’Brien & Fleming, 1979; Lan &
DeMets, 1983; Lakens, 2014).

If multiple outcomes, exclusion rules, transformations,
or model specifications are examined, researchers should
treat them as multiplicity. A simple Bonferroni-style rule
divides the target false-positive rate by the number of
tested opportunities. For example, dividing by m controls
the worst-case risk acrossm forks at one fixed sample size,
and dividing by m times L is an even more conservative
safeguard when each fork is evaluated at L looks. This is
derived from the Bonferroni/union-bound logic: the prob-
ability of at least one false positive is bounded by the sum
of the individual test probabilities. However, this rule can
be much too strict when tests are highly correlated, as they
usually are across interim looks. It is best viewed as a hand-
check or worst-case guardrail, not as the preferred design
for planned interim monitoring.

When interimmonitoring is part of the research design,
sequentialmethods are usuallymore appropriate than sim-
ply dividing alpha by all look-by-fork combinations. When
many analytic specifications are defensible, multiverse or
specification-curve approaches can show robustness in-
stead of hiding selection. When analyses are exploratory,
authors should label them as exploratory and avoid pre-
senting the selected p-value as if it came from a single pre-
specified test.

Finally, researchers should report effect sizes and un-
certainty intervals and avoid treating p < .05 as a pass/fail
label. The winner’s curse results show that selected signifi-
cant findings may exaggerate the effect even when the un-
derlying effect is real.

Limitations

The simulations are intentionally simple. Every fork used
the same two-sided t-test, and the forks were represented
as correlated versions of a two-group outcome. Real re-
search workflows may include different models, covari-
ates, transformations, missing-data rules, and outcomedef-
initions. The simple design is useful for teaching because it
isolates the effect of peeking and fork selection, but it does
not cover every possible analysis workflow.

The p-zone rule is also only one heuristic. Some re-
searchers may stop early for futility, others may continue
regardless, and others may add new variables or analyses
when the original result looks weak. Future work could
model such adaptive expansion of the analysis space.

Finally, we focused on frequentist null-hypothesis
testing. Bayesian methods, confidence sequences, and
decision-theoretic sequential designs provide different
ways to reason about accumulating evidence (Rouder,
2014; Howard et al., 2021; Johari et al., 2022). Compar-
ing these approaches in the sameForking-Peeks framework
would be a useful extension.

Conclusion

Forking-Peeks describes a combined workflow in which
researchers look at accumulating data and select among
multiple analysis forks. In simulations, this combina-
tion produced far larger false-positive rates and stronger
winner’s-curse effects than either flexibility alone. The
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Figure 5 Winner’s curse: distribution of estimated Cohen’s d among significant results under fixed-n vs. Forking-Peeks
(δ = 0.3, ρ = 0.3) in the Re-choose condition (m = 16, τ = 0.15).

practical message is not that researchers should never ex-
plore. Rather, exploration should be labeled as exploration,
and confirmatory claims should use prespecified analyses,
valid stopping rules, and appropriate multiplicity control.
Small flexibilities can become large distortions when they
are allowed to accumulate.
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TableA.1 Key results for the higher fork-correlation condition (ρ = 0.6). Wilson 95%confidence intervals are in brackets.

Condition Type I error (δ =
0)

E[n] per group
(δ = 0)

Power (δ = 0.3) E[n] per group
(δ = 0.3)

Mean d̂ | sig-
nificant (δ =
0.3)

Fixed-n (single analysis) 0.050 [0.047, 0.054] 100.0 0.562 [0.554, 0.570] 100.0 0.401

Fixed-n (min p overm = 16) 0.318 [0.310, 0.325] 100.0 0.935 [0.931, 0.939] 100.0 0.479

Naive optional stopping (m =
1, τ = 1.0)

0.115 [0.110, 0.120] 95.5 0.638 [0.630, 0.645] 75.6 0.467

p-zone stopping (m = 1, τ =
0.10)

0.062 [0.058, 0.065] 41.2 0.344 [0.337, 0.352] 42.9 0.549

Forking-Peeks Lock-in (m =
16, τ = 0.15)

0.404 [0.396, 0.412] 50.0 0.840 [0.834, 0.846] 45.1 0.615

Forking-Peeks Re-choose (m =
16, τ = 0.15)

0.468 [0.460, 0.476] 51.8 0.877 [0.871, 0.882] 45.0 0.609

Table A.2 Bonferroni-style correction check form = 16 and τ = 0.15. For fixed-n multiplicity, alpha was divided bym;
for Forking-Peeks, alpha was divided bym× L. Wilson 95% confidence intervals are in brackets.

Condition Correction Type I error (δ =
0)

E[n] per group
(δ = 0)

Power (δ = 0.3) E[n] per group
(δ = 0.3)

ρ = 0.3

Fixed-n (min p overm = 16) alpha /m 0.045 [0.042, 0.049] 100.0 0.811 [0.805, 0.817] 100.0
Forking-Peeks Lock-in alpha/(m×L) 0.025 [0.023, 0.028] 75.3 0.486 [0.478, 0.494] 77.9
Forking-Peeks Re-choose alpha/(m×L) 0.034 [0.031, 0.037] 86.3 0.686 [0.679, 0.694] 75.8
ρ = 0.6

Fixed-n (min p overm = 16) alpha/m 0.032 [0.029, 0.035] 100.0 0.622 [0.614, 0.629] 100.0
Forking-Peeks Lock-in alpha/(m×L) 0.018 [0.016, 0.020] 67.0 0.367 [0.359, 0.374] 78.0
Forking-Peeks Re-choose alpha/(m×L) 0.023 [0.021, 0.025] 72.4 0.496 [0.488, 0.504] 77.5

Appendix A: Additional results and correction check

This appendix reports the higher fork-correlation results (ρ = 0.6) and theBonferroni-style correction check requested for
clarity. The substantive conclusions are unchanged: stronger fork correlation reduces, but does not eliminate, inflation;
the simple correction check controls Type I error but is conservative.
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