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Abstract

Branching Booster is an implementation of the algorithm designed in "Boosting using Branching Program"[1]. The system reads a data set from a file, and builds a decision DAG from it, which can classify new data with probable high percentage of success. We tested the system on a few data sets, and compared the results of these tests with similar tests on regular decision trees. The assumption we tested was that the decision DAG can classify as good as a tree, with a smaller size, which makes it a somewhat better classifying system.

1. Introduction

In our class of Machine Learning, we discussed and implemented the Decision Tree Learning mechanism (TL), which can be viewed at [2]. The Boosting Using Branching Programs (BUB) can be seen as an improvement to the regular TL, as its size of the final DAG, which classifies the data sets, is smaller then the tree size of the TL, on the same data sets. In our project, we test this theory, by comparing the size of the structures built in BUB and in TL, comparing the algorithms upon different training and test sets, and comparing the BUB algorithm to another boosting algorithm, the AdaBoost. After these experiments, we will be able to conclude if the suggested algorithm does in fact improve the size of the structure, while maintaining a good classification process.
2. The Branching Booster Algorithm

The algorithm is defined and discussed in [1]. 

3. The Branching Booster Implementation

The system is implemented in C++, on Windows XP system. Both LT system and the BUB system are coded together, using the same classes and objects.

The code can be downloaded from the web site [3]. The code includes two basic methods for analyzing the data using the TL mechanism and the BUB algorithm. It also includes a method used for comparing performance with AdaBooster, that is, splitting the data set to training set and test set, and test the DAG with them. The data set needs to be in a text file, where each line represents one data, with numerical attributes and an integer classifier at the end. We didn't have any changes in our code from the original proposed algorithm in [1]. All variables are determined and/or calculated using the Lemmas and definitions in the article. We did use all three I functions in our tests, although Lemma 1 in the article talks about SGinni only. We further discuss this in section 5.

4. Results

4.1 Comparing BUB to TL in size.

Both BUB and TL are data structures that grow (number of nodes) on each iteration. BUB creates a new fringe from the old one, and TL gets a new lower bound for leaf size (number of examples reaching the node) on each iteration. This concludes that both data structures could easily be compared. 

We tested both Decision Tree Learning and the Branching algorithm on a few data sets. The test merely lets the system expand the tree/DAG until it reaches 100% correctness at classifying the data, this is done for each function (SGinni, Ginni and Entropy) separately. After having both TL and BUB results on the same data set, we can compare them in a graph showing us what size was needed to get to any level of correctness [ see figures 1-9 ]. This clearly shows that BUB does much better then TL in this parameter.
The next figures show results on Australian data set:
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Figure 1 - Australian data with Entropy Function
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Figure 2 - Australian data with Ginni Function
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Figure 3 - Australian data using SGinni Function
The next figures show results on Diabetes data set:
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Figure 4 - Diabetes data with Entropy Function
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Figure 5 - Diabetes data with Ginni Function

[image: image6.emf]Diabetes SGinni

0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

0 50 100 150 200 250 300

Size of DAG/Tree

Correctness

Branching

Tree


Figure 6 - Diabetes data with SGinni Function
The next figures show results on Hearts data set:
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Figure 7 - Hearts data with Entropy Function
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Figure 8 - Hearts data with Ginni Function
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Figure 9 - Hearts data with SGinni Function

As can be seen in the figures 1-9, there are some places where the TL overcomes the correctness of BUB for a certain size of the structure, but this is not significant and not important . The next figure shows the size of the structure needed for 100% classification in each case: 
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Figure 10 - Size needed for 100% classification


The next table shows the percentage of improvement on size of the structure, between the TL and the BUB, for each test. We also show here the average for each data set and each function, and the overall average. 

	
	Entropy
	Ginni
	SGinni
	Average

	Australian
	0.68
	0.60
	0.65
	0.64

	Diabetes
	0.58
	0.58
	0.67
	0.61

	Hearts
	0.71
	0.62
	0.70
	0.68

	Average
	0.66
	0.60
	0.67
	0.64


Table 1 - Percentage of improvement in size

As can be seen, the overall improvement in size is 64%, which means that for classifying the same data set, we need about two-thirds of the nodes of TL in our BUB system. 

4.2 Comparing BUB to TL in correctness.

We also compared the BUB system to the TL system on training and test sets.

The comparison is done on the percentage of successful classifications of the test set examples, after training the tree/DAG on the training set (reaching 100% classification on the training set). In each test, we split the data to two separate sets, one for the training and one for the test (each test has a different size of training set). We take these sets and apply both systems to them, comparing the results on the test set. The results can be seen in figures 11-19.

In the next three figures we can see the performance of BUB and TL on Diabetes data set:
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Figure 11 - Diabetes Ginni
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Figure 12 - Diabetes SGinni
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Figure 13 - Diabetes Entropy

As can be seen in the Diabetes results, when the training set is small, there is no difference between the performance of the DAG and the tree. There are differences in the percentage of correctness when we have larger training sets. Sometimes the DAG does better, sometimes the tree, but they are both doing very similar altogether. When we take into consideration the fact that the DAG is smaller than the tree (as we saw in section 4.1), then we can definitely say that the BUB algorithm does better considering both aspects (size and correctness).
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Figure 14  - Heart Ginni
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Figure 15 - Heart SGinni
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Figure 16 - Heart Entropy
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Figure 17 - Australian Ginni
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Figure 18 - Australian SGinni
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Figure 19 - Australian Entropy


The Heart and Australian data sets have quite similar results to the Diabetes data set, where both algorithms do quite the same, with some small differences between the two. The observation made after the Diabetes results stays the same. In order to see how much difference there is in the performance of the two algorithms, we put the averaged results in a table below.
In table 2, we can see the average difference of the correctness between the BUB and TL algorithms. A positive difference means BUB did better, and negative implies that TL did better.

	
	Ginni
	SGinni
	Entropy
	Average

	Australian
	0.001251
	-0.0012421
	0.000412
	0.00014

	Diabetes
	-0.00212
	0.017246667
	0.000356
	0.005162

	Hearts
	0.001929
	0.00077165
	-0.00132
	0.00046

	Average
	0.000354
	0.005592072
	-0.00018
	0.001921


Table 2 - Difference in correctness

As can be seen in the table, the difference between the two algorithms is very slim, in favor of the BUB. Again, this suggests, that when taking into consideration, that the DAG is two thirds smaller in size than the tree, that the BUB does improve the TL algorithm in the final size of the structure, while not hurting the performance of the classification.

4.3 Comparing BUB to AdaBoost.

We also compared the BUB system to the AdaBoost system we implemented in a previous project. We compare the two by their percentage of correct classification of a test set, over Australian and Diabetes data sets, and a few training sizes. In figures 20-23 you can see the results of each boosting algorithm for each data set and training size. We didn't compare the number of boosting iterations, because they are not quite the same in the two boosting algorithms. The comparison is done based on the performance of the BUB after 100% classification of the training set, and the performance of AdaBoost using enough iterations such that it makes no improvement adding more iterations ( in this case we found this to be around 20 iterations ). This means we are comparing the best results each algorithm can achieve on the given training and test sets.


In the next figures we can see the performance of BUB on each data set:
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Figure 20 - Diabetes train/test
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Figure 21 - Australian train/test


As can be seen, we get around 0.7 correctness in the Diabetes set, and around 0.825 in the Australian set. We can see that there isn't much difference between the different functions we used in both cases. We will take the performance of SGinni in our comparison with AdaBoost. There is a slight improvement in the performance as the training set grows, as expected.


In the next couple of figures, we compare the results of the BUB algorithm, using SGinni function, to the results of the AdaBoost algorithm implemented in the previous project, on a running size of training on our data sets.
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Figure 22 - Diabetes Comparison


[image: image25.emf]Australian Comparison

0.5

0.55

0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

0 50 100 150 200 250 300

Size of Training

Correctness on Test

Branching

AdaBoost


Figure 23 - Australian Comparison


As can be seen quite clearly, BUB does much better then AdaBoost. We can see that on the Australian data set, the difference between the two is about 20% percent of the test set, which is quite significant. This is maintained along the axis of size of training, which suggests that this algorithm performs better, no matter what is the constraint on the training size.


In conclusion, we see that the BUB algorithm suggested in [1], does perform better then the TL algorithm looking at the size of the structure in the end, and better then the AdaBoost algorithm, comparing the correctness to training size ratio. The results are quite significant in favor of the BUB algorithm, for both cases. We also saw that the BUB algorithm does much like the TL algorithm, correctness wise, which suggests that the improvement in size doesn't harm the performance, and even makes it better in some cases.
5.  Discussion


As mentioned in section 3, we used the same definition for 
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 in all 3 functions. Lemma 1 in the article [1], talks about SGinni function only. This might mean we could get better results, if we define 
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 in a more suitable way for the other functions.

Looking at the results, it is obvious that the BUB algorithm works, and does a good job indeed. However, we didn't consider the aspect of the complexity of the algorithm, and its running time. It was noticeable that this algorithm was more complex to implement then the TL or AdaBoost algorithms. The running time of this algorithm is longer then the two, although there is room to speed up the performance of our implementation (for one thing, we implemented the opposite function of Entropy as a search function, which takes quite a long time on its own, a better implementation could cut the running time when working with Entropy), so this might not be noticeable at all. 
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