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ExamP|eI Class Imbalanced

Standard Classification Ervor ll-suited



Pe.rrormance. Me.asure.s

Q-mean

H-mean

G-mean

AM-
measure

Accuracy

Menon, A., Narasimhan, H., Agarwal, S. and Chawla, S. “On the statistical
consistency of algorithms for binary classification under class imbalance ”,
ICML 2013.

Mgorithms



Pe.rrormance. Me.asure.s

measure

Accuracy

Menon, A., Narasimhan, H., Agarwal, S. and Chawla, S. “On the statistical
consistency of algorithms for binary classification under class imbalance ”,
ICML 2013.

Mgorithms
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Batch Agorithms for Mullivariate

PQVICOYMGV\CQ MQGSMV&S

(Structural SVM)

O(N?) Joachims (2005);
Precision@K

AUC

Joachims (2005, 2006);

Partial AUC O(N log N) Narasimhan & Agarwal
Pos@Top (2013 a,b)
Average Precisio O(N?) Yue et al. (2007)
Discointed Cumulative G#iin (DCG) * O(Nk) Chakrabarti et al. (2008)
Med, Reciprocal (MRR) * O(N log N + k?)  Chakrabarti et al. (2008)

" performance measure truncated to top ‘k’ positions
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