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Binary Classification Evaluation

Receiver-operating characteristic (ROC)
curves

Preferred over accuracy alone [Provost
et al., 1998]
Insensitive to skew (π = proportion of
positives)
Area under ROC curve (AUCROC)
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The Difficulty
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Estimate area:
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Obtain confidence
interval:
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Empirical PR Points
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AUCPR Estimators

Many existing methods to estimate AUCPR
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Estimator Evaluation Goals

Estimator Desiderata

Unbiased: average estimate is equal to true AUCPR

Robust to different output distributions

Robust to various skews (π) and data sizes (n + m)
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Simulation Setup

Assume example scores are
drawn from known
distributions

Similar to binormal
analysis on ROC curves
[Pepe, 2004; Bamber,
1975]
Allows calculation of true
PR curve and AUCPR

Analyzed distributions

Binormal
Bibeta
Offset uniform

Additional parameters

# of examples (n + m)
skew (π = 0.1)
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AUCPR Estimator Results
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AUCPR Confidence Intervals

Definition

A 1 − α confidence interval is an interval that contains the true value with
probability at least (1 − α). [Wasserman, 2004]

Empirical

Cross-validation: compute interval using mean and variance of K
estimates from K-fold cross-validation
Bootstrap: choose interval that contains (1 − α)% of empirical
distribution of AUCPR estimates

Parametric

Binomial: θ̂ ± Φ1−α/2

√
θ̂(1−θ̂)

n

θ̂ is the estimated AUCPR

Logit:
[

eη̂−Φ(1−α/2)τ̂

1+eη̂−Φ(1−α/2)τ̂ ,
eη̂+Φ(1−α/2)τ̂

1+eη̂+Φ(1−α/2)τ̂

]
η̂ = log θ̂

1−θ̂ , τ̂ = (nθ̂(1 − θ̂))−1/2
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Confidence Interval Evaluation Goals

Confidence Interval Desiderata

Valid - at least (1 − α)% coverage

Prefer narrower (but still valid)

Robust to different output distributions

Robust to various skews (π) and data sizes (n + m)
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AUCPR Confidence Interval Results
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Conclusion

Choice of AUCPR estimator and confidence interval is important

Particularly for small data sets

Recommended estimators

Lower trapezoid
Average precision
Interpolated median

Recommended confidence intervals

Binomial
Logit
What about cross-validation and bootstrap?

Converge to proper coverage, but from below
Problematic for small data sets and low numbers of positive examples
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Thank You

Questions?
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AUCPR Estimators Results by π
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AUCPR Confidence Interval Widths
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AUCPR Confidence Interval Locations
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