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Bagging

Bagging is derived from the technique known
as bootstrap aggregation.

Constructs subsets by generating a sample of
m training examples, selected randomly (and
with replacement) from the original training set
of m instances.

On datasets with noise, Bagging usually
outperforms Boosting.
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Ensembles of Decision Trees

Decision Tree:
Each internal node represents a
condition.

Each leaf assigns a class to the
examples that fall under that leaf.

Forest: several decision trees can be constructed.

Many trees have common parts.

Traditional ensemble methods
repeat those parts:
memory and time 11 1.
comprehensibility is lost.
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Bagging Decision Trees

Bagging tends to construct DT's with many similarities
(even redundant)
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Decision Tree Multi-trees

Decision Multi-tree:
Common parts are shared in an AND/OR tree structure.

Construction space and time resources are highly
reduced.
Throughput is also improved by this technique.
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Decision Tree Shared Ensembles
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Algorithm

Algorithm Bagging-Multi-tree (INPUT E:dataset, n:integer; OUTPUT
M:multi-tree) {n is the number of iterations}
M=Initialize multi tree(); {M only contains an empty AND-node}
fori=1tondo
D=Bootstrap replicate(E); {a bootstrap replicate is generated}
if i=1 then LearnM(M:root; D)
else LearnMBagg(M:root; D)
end for
end
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Algorithm

Procedure LearnM (INPUT X:AND-node, D:training dataset; OUTPUT

M:multi-tree)
if X=leaf then exit;

List of OR nodes=Create OR nodes(X;D); {generate a list with one OR-node for each possible
split and their descendants (AND-nodes)}

B=Select Best OR node(L; D); {the best node according to the split optimality criterion is
selected)

Activate(B); {the selected OR-node is activated)
for Y O children of(B) do
D’=filter(D; Y ); {the examples of D that fall in node Y are selected}
LearnM(Y;D’)
end for
end procedure
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Algorithm

Procedure LearnMBagg (INPUT X:AND-node, D:training dataset; OUT-
PUT M:multi-tree)

if X=leaf then exit;

List of OR nodes=Update OR nodes(X;D);{update the split optimality of OR-nodes according to
the training set D}

B=Select Best OR node(L; D);
if B is active then
for Y [ children of (B) do
D’=filter(D; Y );
LearnMBagg(Y;D’)
end for
else
Activate(B);
for Y U children of(B) do
D’=filter(D; Y );
LearnM(Y;D’) {the multi-tree is expanded from node Y }
end for
end procedure MCS'04



Bagging DT versus Bagging DMT

In Bagging DT, there is a significant probability of learning similar trees.
In the prediction phase, the repeated decision trees will be more
determinant in the final decision. In bagging DMT, since we avoid
duplicated trees, all the leaves have identical weight in the final decision.

In a DMT, the fusion of the predictions is performed internally at the OR-
nodes, while in an ensemble of decision trees the voting is performed
using each independent decision tree.
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Experiments ()

Experimental setting:
22 datasets from the UCI repository.
10 X 10 Cross Validation.
Multi-tree implemented in the SMILES system.
Splitting criterion: GainRatio (C4.5) without pruning.
Bagging from WEKA.
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Experiments u

Mean size of decision multi-trees in number of nodes

18000
16000 -
14000 -
12000 -
10000 -
8000 -

6000 -

4000 -

2000 -

0~

0 10 20 30 40 50 60

Nodes

lterations

Bagging tends to repeat the same DTs !!!
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Experiments ()

Mean Accuracy compared to other Ensemble Methods:

20 40 60

Dataset | vDT DT | mMDT DT | ™MDT DT | MDT DT
1 77,94 794 | 79,26 8192|8013 8285|8063 8292
2 93,81 94,12 | 94,28 96,07 | 94,64 9611|9481 96.28
3 92,43 94,22 | 93,48 9561|9313 9591|9329 9501
4 99,61 99,4 | 99,37 9943|9942 99,4 | 99,28 99.40
5 91,58 938 | 94 9643|9431 9689|9475 97.05
6 7213 725 | 73,44 4731|7344 5425|7319 5256
7 51,64 47,26 | 54,58 46,21 |54,72 46,45 5598 4652
8 76,2 78,98 77,27 8323|7747 8238| 77,8 8276
9 62,72 6582 64,14 6566|6481 6577|6533 65.79
10 |7853 8315|81,92 8286|8219 8312 825 83.06
11 | 94,74 9547|9495 9645|9477 9655|9481 9658
12 | 9413 94,6 | 9513 9457|9413 9433|9447 9420
13 | 96,73 9511|9593 9984|9642 100 |9573 100.00
14 | 70,97 62,66|67,62 6638|6745 6691|6617 67.19
15 |o97,47 9867| 98 9874|9769 989 |9793 9888
16 |92,81 92,95|92,76 9424|9329 9456 931 9476
17 66 59,89 |66,25 6323|6588 6444 655 65.00
18 |9591 96,9 |9529 9767|9523 9769|9523 97.62
19 | 61,93 56,46 |56,93 59,35|57,33 61,5 | 556 6051
20 |99,23 99,72 99,15 99,65 | 99,06 99,65 98,98 99.65
21 |77,16 7916|7954 8317|8032 8382|8034 83.80
22 93 9349|9312 9526|9306 9579]92,94 9590
Geomean | 82,18 81,66 | 82,6 81,67]82,73 82,55 82,69 82.46
Average | 83,49 83,35]83,93 83,79] 84,04 8442|8402 8438
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Experiments wu

Combination Resources compared to other Ensemble Methods:
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Conclusions

We present an algorithm that reduces the high
computational cost (time and memory) characteristic of
Bagging method.

When Bagging with DT, the set of decision trees obtained
presents many structural similarities (low diversity). MDT
reduces redundancy, however, all the leaves have the same
weight in the final decision.

The multi-tree structure can be viewed as a feasible and
elegant way to overcome the main inherent drawbacks
(huge amount of the computational resources and
redundancy) of Bagging.
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Future Work

Investigate how we can improve accuracy by an
adequate adjustment of the diversity and
redundancy parameters in Bagging multi-trees.

Study whether the multi-tree is able to enhance
other well-known ensemble methods, such as
boosting.

MCS'04 16



