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[Abstract]

With the advancement of information and communication technology, we can easily generate various
forms of data in our daily lives. To efficiently manage such a large amount of data, systematic
classification into categories is essential. For effective search and navigation, data is organized into a
tree-like hierarchical structure known as a category tree, which is commonly seen in news websites and
Wikipedia. As a result, various techniques have been proposed to classify large volumes of documents into
the terminal nodes of category trees. However, document classification methods using category trees face
a problem: as the height of the tree increases, the number of terminal nodes multiplies exponentially, which
increases the probability of misclassification and ultimately leads to a reduction in classification accuracy.
Therefore, in this paper, we propose a new node expansion-based classification algorithm that satisfies the
classification accuracy required by the application, while enabling detailed categorization. The proposed
method uses a greedy approach to prioritize the expansion of nodes with high classification accuracy,
thereby maximizing the overall classification accuracy of the category tree. Experimental results on real

data show that the proposed technique provides improved performance over naive methods.

» Key words: Text Data Classification, Category Tree, Machine Learning
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I. Introduction
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Fig. 1. Motivating example
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II. Related Work
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Algorithm 1. Training classifier for each non-leaf node

input: a set of vectorized text data V'
a category tree T
output: a set of classifier C

1: C= @

2: for each node n; € T

3 if n; is not leaf node

4: V’"; = Extract_Data(V, n;)

5 C, = TrainClassifier( V,W Chld(ni))
6 C=CU{c,}

7: return C'
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3.3 Expanding Each Node using Greedy Algorithm
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Fig. 2. Intuitive example of node expansion
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Algorithm 2. Expanding nodes in category tree

input: a predefined minimum accuracy 6
a set of classifier for each node C'
a set of vectorized text data V'
output: a set of classifier C,,

a set of class labels IV,

1: C,,; = {a classifier of root node}

2: N5 = {child nodes of a root node}

3: while (True)

4: ACChe 5= 0

5 Cbest =9

6 Mye = null

7:  for each node m;, € N,

8: a:urrent = a)'u,t U {Cn,»}

9: acccur'rentz RunCIassification(C'Cu,.,.e,,,t, V)
10: if (acccur'rent > accbest)

11: ACChest= ACCryprent

12 Cbest = a:urrent

13 Mpest = Ny

14; if (acCyq > 0)

15: a)'u,t = Cbest

1é: ]er:lu.s.s - ]er:lu.s.s _{nb‘f‘“t}

17: N»Z = N»Z U {child nodes of 7y}
18: else

19: break

20: return a)uf Nlass
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Fig. 3. Example of Node Expansion

IV. Experiments and Results
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4.2. Experimental Results

Node Coverage vs, Precision
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Fig. 4. Node coverage for varying required minimum

precision (8)
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Num. of Covered Nodes vs. Precision
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Fig. 5. The number of covered nodes in a category tree
vs. classification precision
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