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Abstract: Text Categorization approaches were often tested on different document collections but the pure relation between the size
of training set and the classifier performance has rarely been systematically discussed. We carried out experiments on three document
collections with term filtering by Chi and term weighting by #fidf, and attempt to reveal in this paper some attention-getting
phenomena. A Rocchio-style classifier and a k-nearest neighbor classifier showed quite different characteristics when training set
scales.
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1. Introduction

Statistic based Text Categorization (TC) systems commonly adopt machine learning method on document collection
as the whole and only training data. So the characteristics of the training set play a key role in the performance of a
classifier. Corpora variability may impact a lot on classifier performances [4]. So a particular approach was often
examined on more than one document collection. But a pure size-oriented analysis is absent. The relation of
Fl-measure vs. category frequency was examined [3], but only on individual categories, not the whole training set. The
common sense of “the larger the better” relation between corpus and performance is not for sure, despite the
effectiveness of eliminating the sparseness problems [7]. ‘

Many components and their parameters participate in a TC procedure, which vary dependently or independently,
such as the do’cument collection and its size, class label set and its size, term selection and its dimension, term weighting,
and classifier and its parameters and thresholds [10]. It is hard to sample them all but the result would still be meaningful
and informative [4] by fixating some variable parts on some common or stable choices and focusing on the impact of
size of training set. '

2. Classifiers and Document Collections

To simplify the experiment settings and concentrate on the scaling problem, we only take account of single-label
categorization [1]. As most classifiers are for independent binary classifying or category ranking (m-ary classifying by a
cutting policy), they have the potential to deal with both single-label and multi-label categorization [4].

We chose two popular classifiers [3, 4]: Rocchio-style classifiers are commonly used as a weak baseline. For the
de-emphasis of negative examples and single-labeling mode, we choose the centroid-based version (class-centroid vector,
CCV) as a simple representative [1, 2]. The other one is k-nearest neighbor (kNN), which has been regarded as one of
the top-performers (SVM, LLSEF, etc.) [4, 6]. Main reason of the choice is that CCV is profile based, and kNN is instance
based (lazy learning). They might show different sensibilities to training set scaling.
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is k-nearest neighbor (kKNN), which has been regarded as one of the top-performers (SVM, LLSF, etc.) [4, 6]. Main
reason of the choice is that CCV is profile based, and kNN is instance based (lazy learning). They might show different
sensibilities to training set scaling.

We chose three corpora (Table 1), among which RCV1 [3] is large enough to be used for Study on scaling problem.
We took an accumulative policy to pick out documents proportional-equally from each category of (outside the test set)
and add them into the training set, and started the TC system at some predefined sizes.

Table 1. Corpora

Name Size (binary byte) Doc Num Cat Test Doc Num
Num
CN?? 2.1%10’ 3600 36 720
cN2! 2.2¥10% 71673 55 7140
PCVI®  6.3*10° (token files) 804414 101 2790

3. Settings of Classifier-free Steps

Chinese character bigrams (better than words [9]) and English words are chosen for document indexing. As kNN and
Rocchio classifiers are both sensitive to irrelevant terms [3], the ChiMax criterion is chosen as the state-of-the-art best
single-statistic criterion for term filtering [3, 5, 6]; the final term count is 70000 for CN1/CN2 and 5000 ([4]) for RCVI.
Since ChiMax is know to be unreliable for rare terms [5, 6], we took a df cut (eliminating terms with df<3) [6]. tfidf is
chosen for term weighting as a simple but effective statistic. MicroF1 is chosen for evaluation, while in single-label
categorization, precision, recall, F-measure, and break-even-point have the same value under microaveraging method.
The k value of kNN is set to 20 ( [4]).

4. Results

Experiment results (Fig. 1) shows that kNN is a stable classifier which is not a surprise. But the analysis of the
abnormal behavior of CCV is quite intractable.

For each multi-labeled document, any label with its sub-label (in the category hierarchy) also assigned on the
document is removed from the doc. Docs still with multi labels are deleted.

CNI1 is so small and heavily sparse, so the performance increased along with the size of training set. CN2 documents
have obvious centralized topic but some category pairs are hard to distinct from each other and the class-centroids are
mixed up. While RCV1 have many topic-amphibolous documents which resulted in undistinguishable class-centroids
when the training set scaled larger and document set of each category

5 Conclusion

The partial comparison reminds us of the possibility that the size of training set might unusually impact on TC. More

3 Data collection of Chinese TC Contest (2003) supported by National 863 Science Fund.

* Full-text of Encyclopedia of China.

% We used the token (not vector) files and topic categories of the RCV 1-v2 version [3] For each multi-labeled document, any label with its
sub-label (in the category hierarchy) also assigned on the document is removed from the doc. Docs still with multi labels are deleted.
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additional comparisons are necessary in the future.
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