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Bagging and boosting
• These methods create a set or ensemble of classifiers from a given data

set.

• Each classifier is generated with a different training set obtained from
the original using resampling techniques.

• The final output is obtained by voting.
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What is a bootstrap sample ?
• Consider a data setD with m data points.

• A bootstrap sampleDi can be create fromD by choosingm points
from D randomly, with replacement.

• On average, 37% of the points inD will be in Di.
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Bagging
• Bagging (=Bootstrapaggregating) produces replications of the trai-

ning set by sampling with replacement.

• Each replication of the training set has the same size as the original
set, but some examples can appear more than once while others don’t
appear at all.

• A classifier is generated from each replication.

• All classifiers are used to classify each sample from the test set using a
voting scheme.
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Bagging
• The complete procedure is now described.

– Consider a training setD with m cases.

– Define the probability of thenth sample in the training set asP (n) =
1/m.

– Now samplem times from the distributionP (n).

– Sample fromD with replacement. This way a re-sampled training
setDi is built. Di is normally called a bootstrap sample fromD.

– Repeat this procedure to construct a sequence of several indepen-
dent bootstrap training sets.

– Construct a corresponding sequence of classifiers by using the same
classification algorithm applied to each of the bootstrap training
sets.

– For the final classification each one of these classifiers votes for
each class [2].
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When is bagging usefull
• Bagging should only be used if the learning machine isunstable.

• A learning machine is said to be unstable if a small change in the trai-
ning set yields large variations in the classification.

• Examples of unstable learning machines: neural networks, decision
trees.

• Example of a stable learning machine:k-nearest neighboors.
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Bagging properties
• Improves the estimate if the learning algorithm is unstable.

• Reduces the variance of predictions without changing the bias.

• Degrades the estimate if the learning algorithm is stable.
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What is boosting ?
• It is a family of methods for accelarating a learning algorithm:

– AdaBoost (two-class problem) [4]

– AdaBoost.M1 and M2 (multiple-class problem) [4]

– AdaBoostR (regression) [3]

• The idea is to boost aweek learning algorithm into a strong learning
algorithm.

• A week learning algorithm can be, i.e., inaccurate rules of thumb that
are slightly better than random guessing.

• It produces several classifiers.

• The training set choosen at a given time depends on the performance
of earlier classifiers.

• Harder to classify points are choosen more often than easier points so
that the algorithm is concentrating on the most difficult points.
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AdaBoost
• Consider a training set withm points. At each repetition or trialt =

1, 2, . . . , T , point i has weightwt
i, wherew1

i = 1/m for all i.

• For each trial do:

– construct classifiergt from the training instances using weightswt
i;

– the error rate ofgt on the training data (εt) is the sum of the weights
wt

i of the misclassified instances;

– if εt = 0 or εt ≥ 1/2 the process terminates;

– otherwise the weightswt+1
i for the next trial are set so that the error

rate ofgt on the training set using the weightswt+1
i is exactly1/2.

• The final composite classifierg∗ is built combining thegt classifiers
using voting.
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Comments on AdaBoost
• Freund and Schapire proved that the error rate ofg∗ on the unweighted

training instances approaches zero exponentially quickly asT increases
[6].

• In [5] the author concludes that much of the benefits of boosting are
caused by over-fitting the training data set. He also says that although
boosting generally increases accuracy, it leads to a deterioration on
some data sets.

• Breiman [1] notes that boosting forces the classifier to have a 50% error
rate on the re-weighted training instances which causes the learning
system to produce a quite different classifier on the following trial. This
leads to an extensive exploration of the classifier space.

• Quinlan [6] did some experiments with boosting C4.5 (a decision tree
[7]) and found that the advantages of boosting are lost if there is non-
trivial classification noise in the learning sets. This is unexpected since
as boosting uses a combination of classifiers it should be robust in the
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presence of noise. He also believes that the reason why boosting in-
creases the classification accuracy may be unrelated to its convergence
properties on the training data.

• Breiman [1] also says that boosting failure happens more likely with
relatively small data sets.
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