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Overview

» Tasks

- Maximization of F1 value to maximize profits

- Conversion of SVM output into calibrated
probabilities using binning

- Comparison with binned naive Bayes

» Results
- Binning worked better for naive Bayes
- Difficult to avoid overfitting using SVMs

e

An this presentation, we first see how ti value metric is
computed and optimized in order to maximize profit.

AThe LIBSVM library, which is a popular SVM library developed
at National Taiwan University, is used.

An 2001, Zadrozny, B. and Elkan, C. published a piagter

discussed convertintpe outputs of naive Bayes and decision
tree classifiers into weltalibrated probabilities using binning.
Arhis paper is a replication of the work using SVMs instead.

AThe predicted probabilities are evaluated using four metrics,
and surprisingly, binning worked better for naive Bayes than for
SVMs.



Data set

» 95k training examples
- only 4,843 positives

» 96Kk test examples
- 479 features
- only 4,873 positives

» Goal:

- choose individuals to maximize profit,
given cost per solicitation of $0.68
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Arhis is a fundraiser dataset wheteetobjectiveto identify who
will respond to the fundraising mailings and make a donation.

Arhe goal therefore is to selectively solicit only the individuals
that will allow profits to be maximized, given that there is a cost
per solicitation.

B\s we see, the data set is highly unbalanced, with only about
5% positives.

AThe LIBSVM package has a training option for unbalanced data
sets, which is why it was used.

T«



Preprocessing

» Feature selection
» Feature transformation

» Scaling (z-scoring)

AOout of all the available features, only the most predictive ones
were used.

AThese were also the same features usethsprevious
experiment with naive Bayes and decision trees.

Arhis allows for a comparison of results across learning
methods.

Areatures with nomumerical values were mapped to numbers.

AThe data was scaled by subtracting the feature mean, and
dividing by the feature standard deviation.

AThis zscoring of the data prevents outliers from having too
much influence.



Primal SVM problem

» Given a set of training vectors x; e R", i =1,
...I, and a vector y € R! such that y, € {1,-1},
the primal SVM problem is:

1
min Sw'w+C, 2§1+C— Z i
W yi=1 =

yiw o(x;) +b) > 1 —éi,
E>0i=1,..1

A\s | mentioned, this data set is unbalanced, and the LIBSVM package
provides aroption for learning classifiers on unbalanced data sets.
Atwo penalty parameters;, andC, are used to tradeoff generalization
ability and misclassification error for positive and negative training
examples, respectively.

ATheir ratio determines how the training examples are penalized.
As the ratio ofC, to C increases, the rate at which the SVM classifier
predictsj = 1 for a given exampleincreases.

As the ratio ofC, to C decreases, the rate at which the SVM classifier
predictsj =-1 increases.

Awith C fixed at 1,C, can be changetb find the best ratio ofC, to C.
Arhus, a<, is increased, the test examples classified as positive are
increased, which means the number of solicitations increases.

A higherC, also means that more nedonors can be incorrectly
classifiedas being donors.

A radial basis kernel is used.



Maximizing profit
» Precision = tp / (tp + fp)
» Recall = tp / (tp + fn)

» F1 =2 / ((1/precision)+(1/recall))

MBecause the goal is to maximize profits on the test set, this
translates to correctly predicting as many donors as possible,
and also not soliciting too many nalonors.

Arhis means that the metrics of precision and recall should be
balancedand using the F1 value is a way to do this.

AThe F1 value is between 0 and 1, and higher values are better.
ANote that there is no clear link between optimizing F1 and
obtaining good probabilities from the SVM.



Ms seen in the table, & is increased, F1 increases as well.
Arhis happens until F1 reaches its peak wBeaquals 8, and
then Fldecreases.



