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Abstract

[Purpose] To address issues such as feature mismatch arising from different
document types and improve the classification performance of texts to be clas-
sified. [Method] Texts from document types different from those of the target
texts were used as the training set for the corpus, and a third-party resource,
“HowNet,” was introduced for semantic feature expansion. [Results] Using this
method, classification experiments were conducted on four types of documents:
web pages, books, non-academic journals, and academic journals. Compared
with classification methods without expansion, the classification accuracy im-
proved by 1.2% to 11.0%. [Limitations] Public corpora were not used for testing
for each document type; therefore, the generalizability of the proposed method
and the objectivity of the experimental results require further verification. [Con-
clusion] Experimental results demonstrate that the method possesses certain
feasibility and practicality, can eliminate semantic differences between different
document types to varying degrees, and enhances the effectiveness of automatic
text classification through two approaches: corpus construction and feature ex-
pansion.
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Abstract

[Objective] This study addresses the feature mismatch problem caused by dif-
ferent document types and improves the classification effectiveness of target
texts. [Methods] We use texts from document types different from the target
classification texts as the training corpus and introduce the third-party resource
HowNet for semantic feature extension. [Results] Experiments conducted on
four document types—webpages, books, non-academic journals, and academic
journals—show that compared with classification methods without feature ex-
tension, the classification accuracy improves by 1.2% to 11.0%. [Limitations]
Not every document type was tested using publicly available corpora, so the
generalizability of the proposed method and the objectivity of the experimen-
tal results require further verification. [Conclusions] The experimental results
demonstrate that the proposed method is feasible and practical. It can elimi-
nate semantic differences between different document types to varying degrees
and improve text automatic classification performance through both corpus con-
struction and feature extension.

Keywords: Third-party resource; HowNet; Feature extension; Semantic differ-
ence
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Introduction

With the rapid development of the Internet, online information resources are
growing exponentially, enabling people to continuously acquire information in
various forms such as text, images, audio, and video. Textual information can
originate from numerous document types including webpages, books, and aca-
demic journal articles, allowing access to information on the same topic with dif-
ferent connotations, quality levels, and publication speeds. Therefore, research
on using text classification technology to organize these texts systematically for
more efficient categorization and retrieval holds significant practical and applied
value.

Automatic text classification involves multiple stages including training set con-
struction, feature selection, and classification algorithms. Traditional automatic
classification research typically uses the same document type for both training
and target texts. However, studies in information resource management have
shown that using different document types for training sets can also improve
classification effectiveness for target texts [1-3], making mixed-type classifica-
tion a promising approach. Nevertheless, these studies have overlooked the fact
that different document types exhibit distinct characteristics in word usage and
writing style, causing features from the training set and target texts that ex-
press the same concept to fail to match properly. Consequently, when using
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different document types as training sets, appropriate methods are needed to
overcome lexical and semantic differences between training and target texts,
thereby increasing shared features and improving classification performance.

This study employs third-party resources to perform feature extension on train-
ing sets and target texts from different document types. By expanding the
quantity and semantics of features, we increase the likelihood of matching fea-
tures that express the same concept in both training and target texts, achieving
the goal of creating more common features between them. Our experimental
data includes scientifically classified, long-accumulated academic literature such
as books and journal articles, as well as news-oriented, non-academic texts with
frequent updates like webpages and newsletters. We conduct automatic classifi-
cation experiments using different document types as training sets and test sets
respectively, propose a semantic feature extension method based on HowNet [4],
and demonstrate through experiments that it can improve classification effec-
tiveness across multiple document types.

2.1 Research Status and Development Trends

Machine learning-based text automatic classification requires algorithms to learn
from training sets and apply the acquired knowledge to test set classification.
Traditional machine learning classification typically uses the same document
type for training and test sets, whereas mixed-type classification can leverage ex-
isting or easily obtainable training sets to classify test sets of different document
types. This approach draws from transfer learning’ s cross-domain classification
concept [5]. Cross-domain classification is a frontier topic in machine learning
research, with the fundamental premise of classifying training and test sets from
different domains. These domains can differ in subject content, product reviews,
or even language. Studies [6-7] have used third-party resources like Wikipedia
as intermediaries to correlate features between training and test sets from differ-
ent thematic domains, reducing semantic feature differences caused by thematic
variations and constructing feature spaces with more common features to en-
hance classification effectiveness. This paper applies this cross-domain concept,
using HowNet as a third-party resource to increase feature matching possibili-
ties between training and test sets of different document types, representing a
cross-document-type or cross-source classification problem.

Short text feature extension has also become a hot topic in recent text classi-
fication research, with the core idea of improving classification effectiveness by
expanding the number of common features or semantic information between
training and test sets. For instance, study [8] used Wikipedia’ s related concept
sets as feature extension word sets, leveraging conceptual links and category
relationships in Wikipedia to extend features in both training and test short
texts, thereby improving performance through feature quantity expansion. Sim-
ilarly, study [9] approached from the perspective of enriching feature semantics,
extracting domain high-frequency words as features and extending them into
concepts and sememes based on HowNet, then calculating feature similarity
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using the information content of shared sememes across different concepts to
achieve classification, which also improved effectiveness.

This study applies short text classification feature extension methods to training
and test sets composed of different document types, expanding feature quantity
and semantics to create more common features between different document
types, thereby helping to improve classification effectiveness.

2.2 Research Significance

Machine learning-based text automatic classification is the mainstream ap-
proach, with basic processes including corpus construction, text modeling,
feature selection, feature extension, and classification algorithm implementa-
tion. In artificial intelligence research, the main focus is on all stages except
corpus construction. In information management, however, documents are the
primary research and application objects, with numerous research achievements
on document classification, content features (such as subjects), types, and
characteristics. Therefore, when conducting automatic classification research,
there is natural emphasis on the textual characteristics of training and test
sets as documents in the corpus construction stage, attempting to apply
these characteristics to improve classification efficiency. This paper draws
on information management research that uses different document types as
training and test sets to improve performance, and attempts to further enhance
classification effectiveness from the corpus perspective by narrowing semantic
differences arising from document type variations.

3.1 Classification Framework Based on HowNet Semantic
Feature Extension

To address feature mismatch between training and test sets caused by document
type differences, this paper proposes a text classification method with feature
extension for different document types, following the basic feature extension
principles in literature [10]. The specific classification framework is shown in
Figure 1 [Figure 1: see original paper].

Figure 1. Text Classification Framework Based on HowNet Semantic
Feature Extension

(1) Preprocessing: Perform tokenization, stop-word removal, and other pre-
processing on training and test set texts from different document types to
obtain initial feature sets for each document.

(2) Semantic Core Word Set Extraction: Calculate TF-IDF weights for
feature words in the training set and extract words above a certain thresh-
old to form the semantic core word set.

(3) Feature Extension: For each preprocessed target text d, calculate se-
mantic similarity between each feature word in d and feature words in the
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training set’ s semantic core word set using HowNet’ s lexical dictionary.
Extend feature words with similarity values above a threshold into text
d to obtain the extended target text. This enables features with similar
semantics in the test set to be extended and matched with features in the
training set through HowNet.

(4) Classification: Use the KNN algorithm to calculate similarity between
the target text and the training set’ s semantic core word set, assigning
the category with the highest similarity to the target text.

3.2 Acquisition of Training Set Semantic Core Word Set

TF-IDF weighting is widely used for feature weighting in text classification.
The main idea is that if a feature term appears frequently in a document but
rarely in other documents, it has strong category discrimination capability [11].
Therefore, this paper uses feature words with high TF-IDF values in the training
set as semantic core words for feature extension. We calculate TF-IDF values
for each feature word in each category of the training set and select words above
the threshold as semantic core words. The specific process is as follows:

Input: Training set D, TF-IDF threshold weight
Output: Training set semantic core words

1. Perform part-of-speech filtering on the training set, retaining only nouns,
verbs, and adjectives that significantly impact classification.

2. Calculate TF-IDF weights for each feature word in all documents.

3. Normalize feature words in each document. Let w ¢ be the TF-IDF value
of feature word 7 in a document, and normalize it using formula (1).

4. Select feature words with proportions greater than threshold weight in
each category as high-frequency words of the training set.

3.3 Semantic Similarity Calculation Based on HowNet

This paper uses HowNet to calculate semantic similarity between feature words,
thereby ##& ing relationships between training and test sets composed of differ-
ent document types. Thus, HowNet-based semantic similarity calculation forms
the foundation of our feature extension method. In HowNet’ s structure, words
are represented by senses (M), meaning a word can have multiple senses, and
each sense is represented by sememes (X/&). Therefore, word similarity can be
calculated through sememe similarity.

(1) Sememe Similarity Calculation

HowNet’ s sememe tree is a hierarchical system constructed from hyponymy
relationships between sememes. This paper calculates sememe similarity using
the shortest path distance between sememes in the tree. Let the shortest path
distance between two sememes be d; the similarity between these two sememes
is calculated as follows [12]:
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«

sim(py,pa) = ita

where p, p represent two sememes, d is the shortest path distance between p
and p in the sememe tree, and is an adjustable parameter.

Literature [13] argues that considering only the shortest path distance cannot
accurately calculate sememe similarity and proposes a method incorporating
sememe hierarchical depth. The main idea is that for two sememes with the
same shortest path distance, the deeper the level, the more specific the meaning,
and thus greater similarity weight should be assigned. The calculation formula
is:

min(depth, , depths) .o
min(depth,,depthy) +d ~ d+ «

sim(py,pa) =

where depth , depth are the depths of sememes p and p in the sememe tree
respectively, d is the shortest path distance, and is an adjustable parameter.
This paper uses formula (3) to calculate sememe similarity.

(2) Sense Similarity Calculation

In HowNet, sense descriptions are generally divided into four categories [14]:
primary features, secondary features, relational sememe features, and relational
symbol features. Sense similarity is the weighted sum of similarities between
corresponding components of the semantic descriptions. The similarity between
sense s and sense s is calculated as follows [15]:

4
sim(sy, sy) = Zﬁi X sim;(sy, 53)
i=1

where sim__i(s, s ) represents the similarity between corresponding components,

+ + + =1,and _i{ 0. Literature [12] provides methods for calculating
similarities between components in sense descriptions, which ultimately reduces
to sememe similarity calculation.

(3) Word Similarity Calculation

Literature [15] defines word similarity as the likelihood that two words can re-
place each other in different contexts without changing the syntactic-semantic
structure of the text. Assuming words w and w have m and n senses respec-
tively: w = {s?, s% -, s 'm}and w = {s!, s? -, s n}, the similarity
between w and w is the maximum similarity among all sense combinations,
using a maximum matching approach. The calculation formula is [15]:

sim(w;, wy) = max sim(s}, s3)
1<j<n
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4.1 Experimental Materials

This study collected three types of documents—webpages, books, and jour-
nals—from sources including the Sogou corpus [16], library catalogs, and elec-
tronic journal databases. Journals were further divided into academic and non-
academic categories. Webpage documents were selected from the sports, IT,
and military categories of the Sogou corpus. Book documents were obtained
from a university library’ s OPAC catalog, extracting titles and abstracts from
books in the sports, computer technology, and military categories of the Chinese
Library Classification system. Journal documents were selected from CNKI in
the same three categories according to the Chinese Library Classification.

We established multiple experimental datasets for each of the four document
types and repeated experiments. Fach dataset included a training set and
test set of one document type, all comprising three major categories: sports,
computer technology, and military. Each document type contained 600 texts,
totaling 2,400 documents.

4.2 Experimental and Evaluation Methods

To eliminate the impact of imbalanced data on experimental results, all corpora
used in this study were balanced, with each category containing approximately
the same number of texts and similar text lengths, and with no overlap between
training and test sets. We employed five-fold cross-validation for training and
classification, using the macro-averaged F1l-score as the evaluation metric [18].

4.3 Experimental Results
(1) Individual Document Type Classification Results

Individual document type classification refers to experiments where training
and test sets are from the same document type. We conducted five-fold cross-
validation experiments on the four document types separately, ensuring no text
overlap between training and test sets. The classification results are shown in
Figure 2 [Figure 2: see original paper].

Different classification algorithms significantly affect results. This study selected
the classic KNN algorithm for classifier construction. Theoretically, the Naive
Bayes algorithm can also achieve good classification results, but its feature in-
dependence assumption is often violated, making it a common benchmark for
comparison. Our experiments showed that Naive Bayes produced results almost
identical to KNN, validating KNN’ s effectiveness. Therefore, we selected KNN
as our classification algorithm. Figure 2 shows that individual classification of
each document type achieved good results, with accuracies above 70%.

(2) Mixed Document Type Classification Results

Mixed document type classification refers to experiments where training and test
sets are from different document types. We conducted five-fold cross-validation
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experiments on all combinations of the four document types. The results are
shown in Figure 3 [Figure 3: see original paper].

Mixed classification experiments showed that classification between webpages
and non-academic journals performed well, both above 80%, with webpage-
to-non-academic-journal cross-classification reaching 83.9%—even better than
non-academic journals’ individual classification. Book-to-academic-journal clas-
sification also performed well, above 70%, with academic-journal-to-book clas-
sification achieving 78.4%, higher than books’ individual classification accuracy
of 71.8%. This proves the validity of mixed-type classification.

However, classification between webpages and books, webpages and academic
journals, books and webpages, and books and non-academic journals performed
poorly, all below 60%. This indicates that the selection of training and test doc-
ument types significantly impacts classification effectiveness. Well-matched doc-
ument types can even outperform individual classification, while poorly matched
types yield low effectiveness, demonstrating that document type combination
substantially influences results.

(3) Mixed Classification with HowNet-Based Semantic Feature Ex-
tension

These experiments used all combinations of the four document types as training
and test sets (including same-type combinations), applying our proposed feature
extension method with HowNet as the third-party resource to extend test set
features before conducting five-fold cross-validation. Results are shown in Figure
4 [Figure 4: see original paper].

The results show that after HowNet-based semantic feature extension, indi-
vidual classification effectiveness improved across all four document types to
varying degrees: book-only classification increased from 71.8% to 74.1%, and
webpage-only classification from 91.4% to 91.7%. Cross-classification effective-
ness also improved noticeably. Well-matched document types showed smaller
improvements (e.g., non-academic-journal-to-webpage increased from 86.7% to
88.9%), while poorly matched types improved significantly (e.g., non-academic-
journal-to-academic-journal increased from 25.4% to 36.4%), indicating greater
improvement potential for low-match combinations.

Experiment (1) compared KNN and Naive Bayes for individual classification,
finding nearly identical results and validating our selection of KNN. Experiment
(2) conducted mixed classification without feature extension, with results in Fig-
ure 3 showing high matching between webpages and non-academic journals and
between books and academic journals—ideal for validating our method. Experi-
ment (3) compared our HowNet-based semantic feature extension method with
non-extension results. Individual classification improvements were 0.3%, 2.3%,
1.5%, and 0.8%, proving the method enhances same-type classification. Cross-
classification between webpages and non-academic journals improved by 1.2%
and 2.2% respectively, demonstrating effectiveness for both same-type and cross-
type classification. Comparison of extended features revealed that while seman-

chinarxiv.org/items/chinaxiv-201711.01246 Machine Translation


https://chinarxiv.org/items/chinaxiv-201711.01246

ChinaRxiv [$X]

tic differences were eliminated, some “noise words” —features with low discrimi-
native power due to frequent appearance across multiple categories—were intro-
duced, interfering with classification and limiting improvement magnitude. Al-
though webpage-to-non-academic-journal cross-classification was slightly lower
than webpage-only classification, using non-academic journals as training sets
avoids the cumbersome real-time updates required when using webpages them-
selves, making our method practically significant.

5 Conclusion and Future Work

This study investigated automatic classification of multiple document types us-
ing HowNet as a third-party resource for feature extension. Experimental re-
sults prove that cross-classification between well-matched document types can
achieve equal or better results than single-type classification. From the perspec-
tives of corpus construction and feature extension, we proposed a HowNet-based
semantic feature extension method that uses HowNet’ s semantic structure to
eliminate differences in word usage and writing style across document types,
further improving mixed-type classification effectiveness. Experiments demon-
strate that this method effectively enhances current classification performance.
It can leverage scientifically classified, long-accumulated literature to efficiently
classify rapidly growing, frequently updated document types with better results,
thus offering high practical value.

This research was conducted based on the relatively mature Vector Space Model
(VSM) for text representation, essentially achieving semantic extension through
external resources to narrow differences between document types and enable
cross-type classification. Future work will further investigate document type dif-
ferences, explore methods to eliminate interference from “noise words”to improve
classification effectiveness, experiment with probabilistic topic models (LDA) for
text representation, evaluate other third-party resources like Wikipedia for cross-
type classification, and assess the adaptability of various classic classification
algorithms such as Support Vector Machines (SVM) for cross-document-type
classification.
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