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Case Studies

I. Measurement of Higgs coupling via its signal strength
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Fig 3. Median interval lengths

Neyman construction of confidence intervals Il. Search for weakly interacting massive particles (WIMPs)

» Searches and measurements in particle physics are often

performed as simple-versus-composite hypothesis tests, > Goal: Search for dark matter

based on LZ experiment [2] e
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against sampling quantiles, e.g. via Wilks' theorem,
Cop = X2, (df = dim(©) — dim(6y)).
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interval upper and lower bounds
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Main finding

Setting Test statistic
Experiment | u* LRS FTS-wide | FTS-narrow

Higgs (mass) 1.0 1.08 (2.01) 0.94 (1.89) 0.85 (1.79)
Higgs (vis. mass) 1.0 1.26 (2.31) 1.10 (2.17) 0.98 (2.08)

LZ-inspired 10.0/5.99 (13.87) 4.68 (11.47) 3.89 (11.29)
LZ-inspired 1.0 7.08 (15.18) 5.29 (12.82) 4.68 (12.75)

Focusing Statistical Power

l. The focused test statistic (FTS) Next Steps

Idea: Incorporate auxilliary knowledge into the test statistic, . Nuisance constraint sets
(D' Mo)
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» Focus function, f: A way of
specifying regions of the 1
parameter space where test
power should be focused.
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Fig 5. An example of a
nuisance constraint set.
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Il. Quantile regression (QR)-based calibration F(t; p,v) = P(T(D; p, v) = t) —
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(QR, grey) on 300 test points.

M. Stanley et al., Confidence intervals for functionals in constrained inverse problems via data-adaptive sampling-based calibration, en,
arXiv:2502.02674 [stat], 2025.

This material was prepared using Bridges-2 at PSC through allocation MTH250002 from the ACCESS program and was partially supported by the U.S. National Science Foundation under Grant No. DMS-2053804.

Code: github.com/lee-group-cmu/focus—-paper Contact: jcarzon@andrew.cmu.edu



	References

