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Calibrated likelihood ratios

The likelihood ratio of the likelihood ratio 1s the likelihood ratio.

f(ALH)
F(ATH,)

A




Calibrated likelihood ratios
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Calibrated likelihood ratios
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Calibrated likelihood ratios
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Calibrated likelihood ratios
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Calibrated likelihood ratios
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Calibrated likelihood ratios

o Perfectly calibrated bi-Gaussian §
systems -,

e Same-source and different-source %
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Bi-Gaussianized calibration

e Monotonically (but non-linearly) map the distribution of uncalibrated log(A) toward the

Gaussian-mixture distribution for In(A) of a perfectly calibrated bi-Gaussian system.
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Bi-Gaussianized calibration

 Perfectly calibrated bi-Gaussian

system
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Bi-Gaussianized calibration
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Bi-Gaussianized calibration
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Bi-Gaussianized calibration

» Forensic-voice-comparison system

e Uncalibrated log(A)
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Bi-Gaussianized calibration

» Forensic-voice-comparison system
e Uncalibrated log(A)
« empirical cumulative
probability
e same weight to same-source

& different-source categories
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Bi-Gaussianized calibration
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Bi-Gaussianized calibration S—
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Bi-Gaussianized calibration

 Glass fragments

e Uncalibrated log(A)

o Same source and different source
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Bi-Gaussianized calibration

 Glass fragments
e Uncalibrated log(A)
« empirical cumulative
probability
« same weight to same-source
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Bi-Gaussianized calibration

 Glass fragments 50 |
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Calibrated likelihood ratios
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Bi-Gaussianized calibration

» Equal-error-rate to 5
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Bi-Gaussianized calibration
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Bi-Gaussianized calibration
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Bi-Gaussianized calibration
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Bi-Gaussianized calibration
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Bi-Gaussianized calibration

» 2026 paper

e Monte Carlo simulation
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4.8

Bi-Gaussianized calibration
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Bi-Gaussianized calibration :

» 2026 paper ’
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Bi-Gaussianized calibration

« [SJ-KDE-B method

e Method for selecting bandwidths for KDE models
» Improved Sheather—Jones (ISJ) method (Botev et al., 2010)

e does not use a Gaussian reference rule

 C,,-to-c mapping
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Bi-Gaussianized calibration

« [SJ-KDE-B method

« Recalculate E_ using a beta-binomial model

with uniform priors
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Bi-Gaussianized calibration

« ISJ-KDE-3 method

e Recalculate £_ using a beta-binomial model

with uniform priors
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Bi-Gaussianized calibration

« ISJ-KDE-3 method
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» Forensic-voice-comparison system

Bi-Gaussianized calibration

ISJ-KDE-f3 method
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Bi-Gaussianized calibration

 Glass fragments

ISJ-KDE-f3 method
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Conclusion

o If likelihood-ratio values are not calibrated, they are arbitrary numbers.
 For calibrated systems, the likelihood ratio of the likelihood ratio 1s the likelihood ratio.

» Bi-Gaussianized calibration monotonically maps uncalibrated log likelihood ratios toward

the likelihood ratios of a perfectly calibrated bi-Gaussian system.

* Bi-Gaussianized calibration ISJ-KDE-3 method
» closer to perfect calibration that using traditional methods

 reduces probability of overstating strength of evidence
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