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Learning from ‘Binary Labels’:

A Plethora of Performance Measures, 

A Plethora of Algorithms Needed



A Software Engineer’s Plight to Build a 
Machine Learning System that Works!
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Predictive Analytics

….



Spam Filter

Spam or Non-spam?
http://gmail.com/



Movie Recommendation

http://techstuff123.wordpress.com/
http://www.netflix.com/

What rating wil l user X
give movie Y?



Click Prediction

What is the probability of 
a user clicking this ad?

http://in.yahoo.com



Hospital Readmission
What is the probability of a patient being readmitted?

http://www.nytimes.com/



Drug Discovery

Mil lions of Chemical C ompounds!!
http://www.google.co.in/imghp‎



Image Annotation

Air Plane

Sky
People

Car

http://www.heraldsun.com.au



Activity Recognition

http://cs.brown.edu/~ls
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Real Valued
Multi-label
Structured
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ModelObject Output
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ModelObject Output
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Application
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Performance 
Measures

Pair-wise Accuracy
Precision@K

Average Precision

…

Standard Error
AM-measure

G-mean

…

LogLoss
Squared Error

…



Our ‘Desi’ Dilbert Then



Our ‘Desi’ Dilbert Now



http://www.constructaquote.com
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Surrogate Risk Minimization 
with a classif ication-calibrated 
loss function and appropriate 

regularization
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Goal?
Learn a model with ‘minimum error‘ 

on  training set!
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Optimization 
Problem

f ind model with 
‘minimum training error‘

Proxy
Optimization 

Problem

Logistic Regression
Support Vector Machine

AdaBoost
Neural  Network

Decision Trees

…



Binary C lassif ication
E.g.  Support Vector Machine
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Support Vector Machine

Model
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Support Vector Machine
+
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Binary C lassif ication
Bipartite Ranking
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Binary C lassif ication
Bipartite Ranking

E.g.  RankSVM
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Binary C lassif ication
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Binary C lass Probability 
Estimation
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Performance Measure?
LogLoss

Squared Error
…
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Algorithms?
Logistic Regression

LogitBoost
…
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Pair-wise Accuracy
Precision@K

Average Precision

…

Standard Error
AM-measure

G-mean

…

LogLoss
Squared Error
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Problem

f ind model with 
maximum value on 

performance measure ‘X’

Proxy
Optimization 

Problem
(often possible*)



Approach I

for different performance measures

Performance Measure Run-time References

F-measure
PBREP

Precision@K
O(N2) Joachims (2005);

AUC
Partial AUC
Pos@Top

O(N log N)
Joachims (2005, 2006); 
Narasimhan & Agarwal 

(2013 a,b)

Average Precision O(N2) Yue et al. (2007)

Discounted Cumulative Gain (DCG) * O(Nk) Chakrabarti et al. (2008)

Mean Reciprocal Rank (MRR) * O(N log N + k2) Chakrabarti et al. (2008)

* performance measure truncated to top ‘k’ positions
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Example

True Positive 
Rate

True Negative 
Rate+

2

AM-measure

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

AM-measure

Standard Method 84.91

Approach 1 97.66

Approach 2 96.69

Experiments



Drug Discovery

AM-measure

Standard Method 82.74

Approach 1 89.87

Approach 2 91.55

Experiments
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Proxy Optimization Problem
(using structural SVMs)

maximize { ‘partial AUC’ }
maximize  { an approximation of   ‘partial AUC’ }

SVMpAUC-struct   (ICML 2013)

SVMpAUC-tight (KDD 2013)

Narasimhan, H. and Agarwal, S. “A structural SVM based approach for optimizing partial AUC”, ICML 2013.

Narasimhan, H. and Agarwal, S. “SVM_pAUC^tight: A new support vector method for optimizing partial AUC 
based on a tight convex upper bound”, KDD 2013.
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Experimental Results

• Baseline Methods:
– Method for ‘Full AUC’ (Joachims, 2005)

– Baseline 1 (Wu et al., 2008)

– Baseline 2 (Komori & Eguchi, 2010)

– Baseline 3 (Ricamato & Tortorella, 2011)
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Experimental Results

Drug Discovery
50 active compounds / 2092 inactive compounds

Partial AUC 
in [0, 0.1]

Partial AUC Method 65.25

Full AUC Method 62.64

Baseline 1 63.80

Baseline 2 43.89

Baseline 3 8.33



Experimental Results

Protein-Protein Interaction Prediction
~3x103 interacting pairs / ~2x105 non-interacting pairs

Partial AUC 
in [0, 0.1]

Partial AUC Method 51.79

Full AUC Method 39.72

Baseline 1 44.51

Baseline 2 48.65

Baseline 3 47.33



Experimental Results

KDD Cup 2008 
Breast Cancer Detection

~600 malignant ROIs / ~105 benign ROIs

Partial AUC in 
[0.2s, 0.3s]

Partial AUC Method 51.44

Full AUC Method 50.50

Baseline 1 48.06

Baseline 2 46.99
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the complete 
picture …

Narasimhan, H. and Agarwal, S. “On the relationship between binary classification, bipartite 
ranking, and binary class probability estimation”. NIPS 2013.
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take away message …



www.siliconangle.com
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Performance Measure Run-time References

F-measure
PBREP

Precision@K
O(N2) Joachims (2005);

AUC
Partial AUC
Pos@Top

O(N log N)
Joachims (2005, 2006); 
Narasimhan & Agarwal 

(2013 a,b)

Average Precision O(N2) Yue et al. (2007)

Discounted Cumulative Gain (DCG) * O(Nk) Chakrabarti et al. (2008)

Mean Reciprocal Rank (MRR) * O(N log N + k2) Chakrabarti et al. (2008)

Big Data?
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Questions?
myhome.iolfree.ie/~lightbulb/
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