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[Abstract]

This paper explores the process by which the AdaBoost algorithm, an ensemble-based method, incrementally trains weak
classifiers into strong classifiers. The most critical aspect of this process lies in the construction of weak classifiers. To this end,
this study investigated the method of constructing decision trees, using both the widely employed classification and regression tree
(CART) and linear discriminant analysis (LDA) algorithms, which have long been used in classification and regression tasks.
These two types of decision trees were applied to the AdaBoost model, and training data were input to assess the results, thereby
observing that the performance of LDA slightly improved compared to the traditional CART approach. These results were
attributed to the difference in node structure, with each node of the decision tree representing a classification plane in the learning
process; CART forms classification planes orthogonal to the attribute axes, whereas LDA forms planes with arbitrary angles
unrelated to the attribute axes.
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Fig. 4. Learning of CART decision tree
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Table 1. Data used in the experiment and its
characteristics
Data Attribute Event Class
Balance & Scale(bs) 4 625 3
Car Evolution(car_num) 6 1728 4
Sleep Stage Scoring(sleep) 11 799 11
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Fig. 5. Decision tree learning of LDA
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Table 2. The results of the experiment using AdaBoost
with two types of decision trees as weak

classifiers
Data bs car_num sleep
CART(DT) 87.50 92.94 87.24
LDA 94.24 93.63 89.49
9%
94
92
90
88
86
84
82
DT LDA
bs car_num sleep
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Fig. 6. A graph representing Table 2, which compares
the performance of two decision tree algorithms
on the experimental data using 10-fold

cross-validation
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