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Abstract As unlimited volume of corpus resources is now available over the
Internet, techniques which can be easily adapted with the change of online resources for
automatic corpus collection and classification from the Internet become very important.
The purpose of this paper is to introduce our research effort on Internet-based Chinese
corpus classification. A PAT-tree-based approach is developed and has shown its
efficiency in utilizing Internet resources for Chinese natural language analysis.

1. Introduction

As Internet has become a major media for information dissemination, unlimited volume
of corpus resources is now available over the Internet. To allow the unlimited volume of
daily exploding online resources that can be effectively organized into corresponding
subject domains and utilized in different natural language processing applications,
techniques which can be easily adapted with the change of online resources for automatic
corpus collection and classification therefore become very important. Considering there
are not obvious works dealing with the above research issue especially on Chinese
applications, the purpose of this paper is trying to introduce our research effort on
developing Internet-based Chinese corpus storage and classification techniques.
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2. PAT-tree-based Approach for Online Corpus Storage and Classification

Online resources are usually large and dynamic, it requires an efficient working
structure for storage and access. In addition to providing fast search and easy update, such
a structure would be efficient in extracting some statistical data like frequency values,
associations, possible contexts of any data sequences. The sequences could be character
strings, word strings, POS strings or even phone strings, depending on what kinds of
abstract information to be extracted from the corpus.

2.1 The PAT-tree-based Working Structure for Corpus Storage

According to our experiments [1,2] and similar analysis [3,4], suffix-tree indexing
techniques such as PAT trees are efficient in representing online corpus as a high-order
N-gram language model, especially for when the corpus is large and dynamic.

PAT tree is an efficient indexing structure successfully used in the area of
information retrieval [5]. Using this indexing structure for indexing full-text content of
document databases, all possible data strings including their frequency counts in the
database can be retrieved and updated in a very efficient way, but not every string with
arbitrary length need to be stored. The time complexity of finding arbitrary length data
segment and its frequency counts from the PAT tree is very efficient.

Considering the inherent difficulty of word segmentation and unknown proper noun
extraction in Chinese, the indexing unit for Chinese corpus could be character rather than
word for English in the PAT trees. In this way each distinct character string in the corpus
which occurs within sentence fragment will be conceptually recorded. This is based on an
assumption that only the context within a certain logical segment is significant for natural
language analysis. We use punctuation marks such as “.” and “” as delimiters to
determine a segment boundary. For example, the different suffixes generated for the
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string “ofyv, 0e” at the segment level are “afyv”, “Byv”, “yv”, “v”, “we”, and “g” (each
alphabet indicates a Chinese character). Using the PAT tree data structure, it is easy to
perform prefix search. For each data stream recorded in the PAT tree, the existence of its
composed sub-strings can be easily detected if the searching string is exactly a prefix of a
suffix string. For example, if we check whether “By” is a sub-string of the above string
“afyv, e using the PAT tree, we find that the answer is yes because “By” can be found
as a prefix of the suffix string “Byv”.

During the implementation, each distinct suffix string will be represented as a node
in the PAT tree and has only a pointer to its position in the document to save space. In the
mean time, each node consists of three parameters: the comparison bit, the number of
external nodes and the frequency count for the purpose of searching and information
updating. The number of external nodes indicates the number of different suffix strings in
the sub-trees, and the frequency count indicates the frequency of occurrence of the
corresponding string in the data stream. Moreover, the comparison bit indicates the first
different bit of the strings recorded in the sub-trees. The comparison bit is primarily used
in each node as an indication of which bit of the searching string is to be used for
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branching. By storing the frequency of the recorded string and the number of external
nodes (those nodes which have comparison bits greater than their parents') of each node,
we are able to determine the frequencies of every strings and even occurrences of every
string pairs stored in the PAT tree.

In fact, such an indexing structure is especially useful in constructing a variable
n-gram Chinese language model. The PAT tree actually provides indices to all possible
segments of characters with an arbitrary length N, where N can be arbitrary or just the
maximum sentence length, together with the frequency counts for these segments in the
corpus. For each character string it is easily to extract the occurrences of all neighboring
strings. Since the content of online resources can be taken to train domain-specific
language models, the language models can be easily adapted with the update of the online
resources and the corresponding PAT tree indices. With the above advantages, the PAT-tree
is then taken as the primary working structure in the proposed approach for both corpus
storage and classification.

2.2 PAT-tree-based Corpus Classification

The representative meaning of a term or character string in a document is often
subject to the specific domain of the document. To extract more precise linguistic
information such as the extraction of domain-specific terms, the documents used as the
training corpus need to be classified into corresponding domains. Slightly different from
conventionial document classification, the corpus classification here requires to be
incremental with the increase of the online resources. In addition, it should allow multiple
classification for ambiguous documents, because a few documents miss-classified into
wrong collections normally make little interference from the point of view of linguistic
analysis.

The proposed PAT-tree-based approach is not designed as a specialized algorithm
for classification but a flexible working structure for the purposes of both corpus
classification and information extraction. There are two major steps to perform:
PAT tree-based classification and PAT-tree updating. Because words in common
dictionaries are too general to be “key” words, it is necessary for the online corpus
classification to define a proper feature set which can be easily adapted with the update of
the text collections. With a suffix-tree-like data structure it was proven may generate the
feature set dynamically[1]. For this reason, each domain-specific text collection and
classifying document from the online resource has a PAT tree to represent its feature
vector. With the PAT-tree indices, the feature set to be selected can be variable length
n-grams or extracted terms [6]. Such a unique feature makes the PAT tree efficient in
performing incremental classification, because each new document after classification
can update the corresponding PAT tree(s) and help for classifying incoming documents
immediately. More importantly, the PAT tree indices also serve as the domatn-specific
variable-n-gram language models of the corresponding text collections. No extra feature
vectors are therefore needed for the corpus classification application.

For realizing the performance, several different vector-space-model-based
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estimation methods were implemented. The required parameters with TF-IDF-based
metrics such as term frequency values and document frequency values were found can be
efficiently extracted using the PAT-tree indices. As an experiment to be introduced below,
on average the proposed approach can index and classify more than ten news documents
per second on a PC.

2.3 Preliminary Experiments

The first experiment was performed to realize the flexibility of the proposed
approach for the considering problem rather than to develop a really efficient approach in
Chinese document classification at that stage. The initial training documents were
obtained from CNA news abstracts of the whole eight sections published from January to
May in 1997, and the testing documents were that published in June. Table. 1 lists some
of the detailed information of the testing database constructed for corpus classification. It
is noted that the documents in the testing database were news abstracts. On average, a
document contained about 150 Chinese characters.

In this example, each of the testing documents was incrementally classified and
indexed in sequence of chronicle order. The classified documents were immediately
added into the corresponding text collection(s) for classifying subsequent documents. A
VSM-based estimation metric was implemented. The estimation metric is defined below:

Let 4 be a document to be classified, ¢ is an examining text collection, 7= (z,,t,,...¢,) is a
set of possible distinct variable n-gram patterns in d where T can be accessed by the PAT
tree of d. Score (d} is a similarity estimation function defined as follows.

Scorec(d) = Z(LZ (ORI ACT AR (D) N— )
Lit)=0iftigc

where .
L(t:) = stringlengthif tie ¢

In the above equation, L() is the string length of ¢ while Tf{#;d) is the term
frequency of ¢ in document d. N(#,) is the total number of distinct text collections where
the pattern ¢; ever occurs. If the above formula is applied to bi-gram based estimation, the
set T is all possible character bi-grams in d. Similarly, if it is applied to variable-n-gram
based estimation, the set T is all possible character strings in 4.

The experimental results as illustrated in Table 2 were that obtained with the above
TF-IDF-based metric. The obtained results as listed in Tables 1 and 2 show its feasibility
in both corpus storage and classification. In terms of corpus storage, it performs efficient
especially in handling variable n-gram features. In fact, the proposed PAT-tree-based
approach was found can deal with several hundred megabytes of texts in extraction of
linguistic information[7] and extract domain-specific terms incrementally [2]. The
obtained results actually depend on the grouping of each text collection. It is observed
that the more precise the pre-divided text collections, the better the results can be the
obtained. The weather section (section 7) is an example with very high precision and
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recall rates. In fact, in another test with different text collections the proposed approach
can achieve about 90% recall and precision rates.

Speed
Domain PAT-tree Training Size Testing Size |(#Doc¢/Sec
Size Doc# K | Doc# K Bytes| onPC)
(K Bytes) Bytes
Politics 27,310 12,587 | 4,490 | 1,262 | 382.0 10.51
Transport 15,852 10,114 | 2,490 | 1,173 | 227.0 15.45
Business 7,071 7,337 | 1,800 | 1,082 | 219.0 15.03
Education 4,894 2942 | 775 | 424 87.4 11.13
Recreation 2,571 1,626 | 413 | 248 49.3 13.47
Local 11,117 6,580 | 1,690 | 968 | 201.0 14.57
Weather 867 2,896 | 3,130 | 435 | 4740 8.97
Misc. 5,844 989 | 1,690 | 132 | 193.0 3.80
Total/Avg. 75,526 45,071 116,478 5,724 | 1,832.7 | 12.07

Table 1. The testing database and some of the obtained processing results.

With Bi-gram Features With Variable N-gram
Features

Topl Top2 |Precision| Topl Top2 |Precisi

Recall | Recall Recall | Recall |on
Politics 98.7% | 99.8% | 33.6% | 96.8% | 994% [45.1%
Transport | 46.9% | 87.1% 71.3% | 66.0% | 854% |74.6%
Business 20.8% | 30.7% 99.6% | 35.8% | 54.9% |98.6%
Education | 24.3% | 71.0% | 77.5% | 50.7% | 78.5% |72.4%
Recreation | 59.3% | 69.8% | 974% | 75.0% | 82.7% |93.0%
Local 14.0% | 47.3% | 80.0% | 429% | 73.5% |80.0%
Weather 98.2% | 100.0% | 100.0% | 100.0% | 100.0% | 99.8%
Misc. 38.6% | 97.7% | 38.9% | 90.2% | 98.5% |54.1%
AVG. 503% | 71.7% | 748% | 643% | 814% |77.1%

Table 2. The obtained recall and precision rates on incremental corpus classification.

3. Concluding Remarks

To handle Internet resources, it really needs a specially-designed information spider,
which is designed to automatically extract relevant resources such as Web pages and
network news from the Internet. Based on the proposed approach, we have constructed a
prototype system for real-time Chinese news collection. Up to now, we have obtained
more than 2 giga bytes of Chinese netnews which were found mainly in Chinese new
agencies and classified into 25 categories. In the mean time, 4 giga bytes of BBS data
from educational news groups supported by Ministry of Education in Taiwan were also
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collected and classified into 250 categories daily. Besides, we also have developed a Web
spider for web resource collection. The proposed corpus classification technique has been
shown their efficiency in utilizing Internet resources for Chinese natural language
analysis.
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