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Motivation and computational
challenge



Power analysis turns assumptions into a design

Power analysis turns assumptions about the effect and the
data-generating process into a study design with a desired level of
power.

hypothesis ⟶ 𝜃 ⟶ model assumptions ⟶ 𝑁 ⋆

For example, given an effect 𝜃 and a significance level 𝛼, what
total sample size 𝑁 yields 80% power?

𝜋(𝑁 ⋆) = .80



Simple models can be solved directly

G*Power

jamovi



Complex models require Monte Carlo simulations

When no closed-form solution is available, power is often estimated
by Monte Carlo simulation.

▶ Define the data-generating process and statistical model
▶ Evaluate multiple candidate values of 𝑁
▶ At each 𝑁 , repeatedly simulate, fit, and test

cost = candidate designs × replications

For complex models, even a single fit can be expensive, making
brute-force grid search impractical.



Monte Carlo estimates power one design at a time
This is an example of power for an independent-samples t-test with
Cohen’s 𝑑 = 0.4 and varying 𝑁 .
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Analytic Monte Carlo

100 replications per sample size



We usually need one point, not the full curve
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Power analysis as adaptive threshold
estimation



Psychophysical staircases move toward a threshold
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Adaptive sampling concentrates iterations near 𝑁 ⋆
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The standard-error-based search
procedure



Power depends on the signal-to-noise ratio
For a parameter of interest 𝜃:

̂𝜃 ∼ 𝒩(𝜃, 𝑆𝐸2)

The standardized signal is:

𝛿 = |𝜃|
𝑆𝐸

For fixed 𝛼:

Power = 𝑓(𝛿) = 𝑓 ( |𝜃|
𝑆𝐸 )

Larger |𝜃|
𝑆𝐸 ⟹ larger power.



Power defines a target standard error
For a two-sided test, approximately:

|𝜃|
𝑆𝐸⋆ = 𝑧1−𝛼/2 + 𝑧Power

where

𝑧Power = Φ−1(Power)

Therefore:

𝑆𝐸⋆ = |𝜃|
𝑧1−𝛼/2 + Φ−1(Power)

Target Power ⟺ Target 𝑆𝐸⋆



Power defines a target standard error, graphically
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Standard errors shrink predictably with sample size
In many regular models,

𝑆𝐸( ̂𝜃) ≈ 𝐶√
𝑁

where 𝐶 depends on the model, outcome variability, and design.

Taking logs:

log 𝑆𝐸 = log 𝐶 − 1
2 log 𝑁

More generally:

log 𝑆𝐸 = 𝑎 + 𝛾 log 𝑁

𝛾 is estimated empirically; in regular models, 𝛾 ≈ −1
2 .



A prototype of the algorithm

1. Define the data-generating process

2. Simulate a dataset at 𝑁𝑖 and store the estimated standard
error 𝑆𝐸𝑖

3. Fit the relationship log 𝑆𝐸𝑖 = 𝑎 + 𝛾 log 𝑁𝑖 + 𝜀𝑖

4. Invert the model to estimate the sample size associated with
the target standard error: 𝑁 ⋆ ∶ 𝑆𝐸(𝑁 ⋆) = 𝑆𝐸⋆

5. Simulate again at the predicted 𝑁 ⋆ and update the model

6. Repeat for a fixed number of iterations

This is analogous to an adaptive staircase on the standard error,
with sample size as the controlled variable.



Examples and validation



One method, three different models

1. Unequal residual standard deviations between groups
2. Multigroup structural equation model
3. Mixed-effects logistic regression with crossed random-effects



1 — Comparing residual variability

Two groups have different residual standard deviations:

𝜎𝐴 ≠ 𝜎𝐵

The parameter of interest is the log ratio:

𝜃 = log (𝜎𝐵
𝜎𝐴

) = 0.16

The model estimates this parameter directly through the dispersion
component.

Target: estimate 𝑁 ⋆ such that power ≈ 0.80



60 adaptive fits suggest 𝑁 ⋆ = 618
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2 — Comparing a structural path across groups

A multigroup SEM with the same latent structure in both groups.
The parameter of interest is the difference between the two
structural paths: 𝜃 = Δ𝛽 = 𝛽1 − 𝛽2 = 0.25



60 adaptive fits suggest 𝑁 ⋆ = 887
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3 — Mixed-effects logistic regression

▶ Binary accuracy outcome
▶ Within-participant predictor: block
▶ Between-participants predictor: group
▶ Crossed random effects: participants and items

𝜃 = 𝛽Group×Block = 0.05



60 adaptive fits suggest 𝑁 ⋆ = 494
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Did it actually find 80% power?

Model Estimated 𝑁 ⋆ Power at 𝑁 ⋆

Residual standard deviation 618 79.1%
Multigroup SEM 887 76.6%
Logistic mixed model 494 81.1%

The selected sample sizes were validated using 5,000 Monte
Carlo replications.



What these examples show — and what they do not

They show

▶ The same search procedure can be applied to very different
parametric models

▶ In these examples, 60 single-dataset fits identified a useful 𝑁 ⋆

▶ Final power ranged from 76.6% to 81.1% around the 80%
target

They do not yet show

▶ General validity across models and effect sizes
▶ Robustness to irregular or non-monotonic 𝑆𝐸(𝑁)

relationships
▶ Reliable extension to multiple design parameters

The SE-based method is a search procedure, not a substitute
for final Monte Carlo validation.
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