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Abstract 
 

Sentiment classification aims at mining reviews of 
people for a certain event’s topic or product by 
automatic classifying the reviews into positive or 
negative opinions. With the fast developing of World 
Wide Web applications, sentiment classification would 
have huge opportunity to help people automatic 
analysis of customers’ opinions from the web 
information. Automatic opinion mining will benefit to 
both decision maker and ordinary people. Up to now, 
it is still a complicated task with great challenge. 
There are mainly two types of approaches for 
sentiment classification, machine learning methods 
and semantic orientation methods. Though some 
pioneer researches explored the approaches for 
English reviews classification, few jobs have been done 
on sentiment classification for Chinese reviews. The 
machine learning approach Based on string kernel for 
sentiment classification on reviews written in Chinese 
was proposed in this paper. Data experiment shows the 
capability of this approach.  
 
1. Introduction 
 

Classical technology in text categorization pays 
much attention to determining whether a text is related 
to a given topic, such as education and finance. 
However, as research goes on, a subtle problem 
focuses on how to classify the semantic orientation of 
the text. For instance, texts can be for or against 
“euthanasia”, and not all the texts are bad. There exist 
two possible semantic orientations: positive and 
negative (the neutral view is not considered in this 
paper). Labeling texts by their semantic orientation 
would provide readers succinct summaries and be great 
useful in intelligent retrieval of information system.  

Traditional text categorization algorithms, including 
Naïve Bayes, ANN, SVM, etc, depend on a feature 
vector representing a text. They usually utilize words 

or n-grams as features and construct the weightiness 
according to their presence/absence or frequencies. It is 
a convenient way to formalize the text for calculation. 
Employing one reasonable vector may be suitable for 
sentiment classification. 

Related work. Focused on classifying the semantic 
orientation of individual words or phrases by 
employing linguistic heuristics [1,2]. Hatzivassiloglou 
et al [1] worked on predicting the semantic orientation 
of adjectives rather than phrases containing adjectives 
and they noted that there are linguistic constraints on 
these orientations of adjectives in conjunctions. 
Turney’s work [3] applied an unsupervised learning 
algorithm based on the mutual information between 
phrases and the both words “excellent” and “poor”. 
The mutual information was computed using statistics 
gathered by a search engine and simple to be dealt 
with, which encourage further work with sentiment 
classification. 

Recently more and more semantic orientation 
analysis’ papers appears in English reviews e.g. 
[4,5].but Interests in classifying polarity in the Chinese 
Press is only a few [6-9]. Qiang Ye et al. (2006) [10] 
presented a Semantic Orientation (SO) mining method 
based on PMI-IR algorithm for sentiment classification 
by combining the Point Mutual Information (PMI) and 
the statistic data collected by Information Retrieval 
(IR).Pang et al [11] utilized several prior-knowledge-
free supervised machine learning methods in the 
sentiment classification task in the domain of movie 
review, and they also analyzed the problem to 
understand better how difficult it is. They 
experimented with three standard algorithms: Naïve 
Bayes, Maximum Entropy and Support Vector 
Machines, then compared the results. Their work 
showed that, generally, these algorithms were not able 
to achieve accuracies on the sentiment classification 
problem comparable to those reported for standard 
topic-based categorization.  
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There are a number of challenging aspects due to 
the necessity of natural language processing. Opinions 
in natural language are very often expressed in subtle 
and complex ways, especially in Chinese reviews. 
Negative reviews may contain many apparently 
positive phrases even while maintaining a strongly 
negative tone and vice versa. In this paper, we explore 
some method of machine learning and SVM with 
String kernel method to opinion mining. 

The rest of the paper is organized as follows. 
Introduction Approach Based on Machine Learning in 
section 2. The experimental result is given in Section 
3. Section 4 concludes the paper and points out the 
directions of future work. 
 
2. Approach Based on Machine Learning 
 

In this section a description and comparison of 
state-of-the-art machine learning techniques used for 
sentiment classification are discussed. First a 
description is given of a selection of different features 
that are commonly used to represent a document for 
the classification task, followed by an overview of 
machine learning algorithms. 
2.1. Feature Selection 

The most important decision to make when 
classifying documents is the choice of the feature set. 
Several features are commonly used, like unigrams or 
part-of-speech (the linguistic category of a word, 
further shortened to “POS”) data. Features and their 
values are commonly stored in a feature vector. We 
choose the following three kinds of feature sets. 

Bag-of-words: an unordered collection of words 
which represent a text.  

Appraisal phrase: phrases indicating the feelings 
toward things or objects.  (e.g. adjective, verb, and 
noun.)e.g.很好(very good)/很高兴(very happy) etc. 
We use ‘ HowNet ’  sentiment words dictionary. 
HowNet is an online common-sense knowledge system 
unveiling inter-conceptual relation relations and inter-
attribute relations of concepts as connoting in Chinese 
and English bilingual lexicons. 

Extract Appraisal phrase from reviews are 
preprocessed in several steps, including sentence 
segmentation, stop words elimination and etc. Then we 
get the second-order substantial context of each object 
instance (e.g. subject, objective, modifier words) and 
opinion word instance in reviews, say the [-2, +2] 
substantial window around the object instance after 
stop words elimination, if no object instance then say 
the [-2, +2] substantial window around the opinion 
word instance. The context is requested to be in the 
same clause of the instance. 

2.2. Machine Learning Techniques 
In order to train a classifier for sentiment 

recognition in text, classic supervised learning 
techniques (e.g. Support Vector Machines, naive Bayes 
Multinomial, and Decision Tree) can be used. A 
supervised approach entails the use of a labeled 
training corpus to learn a certain classification function. 
The method that in the literature often yields the 
highest accuracy regards a Support Vector Machine 
classifier [12]. In the following section we discuss a 
selection of classification algorithms. They are the 
ones we used in our experiments described below. 

(1) Support Vector Machines (SVM) 
Support Vector Machines operate by constructing 

a hyperplane with maximal Euclidean distance to the 
closest training examples. This can be seen as the 
distance between the separating hyperplane and two 
parallel hyperplanes at each side, representing the 
boundary of the examples of one class in the feature 
space. It is assumed that the best generalization of the 
classifier is obtained when this distance is maximal. If 
the data is not separable, a hyperplane will be chosen 
that splits the data with the least error possible. 

(2) Naive Bayes Multinomial (NBM) 
A naive Bayes classifier uses Bayes rule (which 

states how to update or revise believes in the light of 
new evidence) as its main equation, under the naive 
assumption of conditional independence: each 
individual feature is assumed to be an indication of the 
assigned class, independent of each other. A 
multinomial naive Bayes classifier constructs a model 
by fitting a distribution of the number of occurrences 
of each feature for all the documents. 

(3) Decision tree (C4.5) 
Decision tree learning is a method for 

approximating discrete-valued target functions, in 
which the learned function is represented by a decision 
tree. Learned trees can also be re-represented as sets of 
if-then rules to improve human readability. These 
learning methods are among the most popular of 
inductive inference algorithms and have been 
successfully applied to a broad range of tasks from 
learning to diagnose medical cases to learning to assess 
credit risk of loan applicants. 
2.3. String kernel 

When classifying textual documents, each 
document must typically be represented by a feature 
vector. In this vector, each component indicates the 
number of occurrences of the feature in the document. 
(Various weighting and normalization schemes can be 
applied on top of that, such as the well-known TF-IDF 
weighting.) The features can be defined in various 
ways; the most common approach is to define one 
feature for each term that occurs anywhere in our 
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corpus of documents. The corresponding component of 
the vector is simply the number of occurrences of the 
term in the document. This representation is known as 
the “bag of words” or the “vector space model”.  

However, several other kinds of features have also 
been proposed, for example n-grams, which are 
sequences of n adjacent words. An n-gram is said to 
have occurred in the document if all of its words occur 
one immediately after another in the correct order. n-
grams have been shown to improve performance vis-a-
vis the bag of words model for some text 
categorization tasks [12]. The motivation for using n-
grams is that an n-gram, since it consists of several 
adjacent words, may correspond to a phrase, which can 
be more informative than if each of its individual 
words is considered in isolation of the others. As an 
alternative to n-grams, phrases defined on linguistic 
principles (e.g. noun phrases, adjective phrases, etc.; or 
subjects, objects, predicates, etc.) can be used if a 
suitable natural-language parser is available. 

One possible criticism of n-grams is that they can 
be too rigid since they insist that the words must 
appear in a particular order and with no words 
intervening in between. This rigidity can be said to be 
at odds with linguistic reality. The occurrence 
conditions can be relaxed in various ways, for example 
by removing the requirement that the words of the 
phrase must occur in a particular order (thus the phrase 
is treated as a bag of words rather than a sequence of 
words), and by allowing the words of the phrase to be 
interspersed by other words that are not part of the 
phrase. These relaxed requirements lead to “loose 
phrases”, sometimes also known as “proximity 
features” since the only remaining condition is that the 
words of the phrase must occur sufficiently close to 
one another. 

As mentioned above, this technique only takes 
into account the word frequencies, ignoring the 
information on word positions. In many language 

modeling applications, such as speech recognition and 
short message classification, word order is extremely 
important. Furthermore, it is likely that word order can 
assist in topic inference. For example, consider the 
following two sentences 

“I like this book.”  
“I don’t like this book.” 
These two sentences have exactly the same words 

and word frequencies. It is the different word order that 
results in opposite meanings, which cannot be 
distinguished by the bag-of-words method. Therefore 
the string kernel and word-sequence kernel were 
introduced to tackle with the word order issue [13]. 

In string kernels, the features are not word 
frequencies. The document is represented by all 
possible ordered subsequences of characters. 

 
3. Experimental Results 
 

Reviews usually have intense sentiment 
orientation, so we use AmazonCN review-datasets to 
investigate our approach. AmazonCN dataset contains 
6 categories of products reviews, which are collected 
from one of the largest Chinese e-commerce websites, 
Amazon.cn. 

Products reviews collected from Amazon.cn have 
5 dimensions are recorded, such as author, title, 
content, rate, product id and category. Rate is the score 
reviewer gave to the product. We consider it as the 
review content’s manually labeled sentiment 
orientation. If the rate is above 3, it is positive, if the 
rate is below 3, it’s negative. 

We’ve got 458522 reviews totally that consist of 6 
categories. There are 155766 book reviews, 248432 
music reviews, 42459 movie reviews, 5839 electrical 
appliance reviews, 4950 digital product reviews and 
1076 camera reviews. Table1 describes the total 
AmazonCN dataset. 

Table 1. Total AmazonCN Dataset 
Category Positive Neutral Negative Unlabeled Total 

Book 105834 23257 15109 11566 155766 

Music 177568 9602 7887 53375 248432 

Movie 20150 4704 4403 13202 42459 

Electrical Appliance 3358 1287 1024 170 5839 

Digital Product 2884 1052 929 85 4950 

Camera 596 272 188 20 1076 

Total 310390 40174 29540 78418 458522 

These 6 categories of reviews are unbalanced. We selected 200 positive and 200 negative reviews from each 
category, 2400 reviews in total, for training the compared machine learning algorithms. From the rest reviews, 6000 
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are selected as test data, including 500 positive and 500 negative reviews from each category. For the size of camera 
dataset is very small, we remove it from test dataset. The test dataset is reported as Table 2. 

 
Table 2. AmazonCN Test Dataset 

Category Positive Negative Total 

Book 500 500 1000 

Music 500 500 1000 

Movie 500 500 1000 

Electrical Appliance 500 500 1000 

Digital Product 500 500 1000 

Total 2500 2500 5000 

When evaluation the performance of the classifiers, four quantities are of interest for each category: 
a - The number of documents correctly assigned to this category. 
b - The number of documents incorrectly assigned to this category. 
c - The number of documents incorrectly rejected from this category. 
d - The number of documents correctly rejected from this category. 
From these quantities, there are five popular measures used for evaluation text classification as follows: 
Recall = a / (a + c) 
Precision = a / ( a + b) 
Accuracy = (a + d) / (a + b + c + d) 
F-measure is another evaluation criterion that combines recall and precision. 
Fβ= (β2+1) * precision * recall / (β2 * precision + recall) 
Where β is a parameter allowing different weighting of recall and precision, here β=1. 
The standard precision, recall and F1 value are chosen as the evaluation metrics. Table 3 is the evaluation results of 
the approach based on Machine Learning. For the small size of the feature appraisal phrase and some reviews is very 
few of appraisal, so Bag-of-words and appraisal phrase is to substitute appraisal phrase. 
 

Table 3 Average ten-fold cross-validation accuracies in percent of the AmazonCN train dataset based on 
Machine Learning with IG (information gain) feature selection 

Feature set LibSVM Naïve Bayes 
Multinomial 

DECISION 
TREE(C4.5) 

Bag-of-words %79.57 %77.75 %70.32 

Bag-of-words and 
appraisal phrase 

%80.26 %79.08 %70.50 

Table 3 shows that we can get satisfied result when use bag-of-words and appraisal phrase feature set. 
Accuracies of Various Machine Learning Algorithms with IG (information gain) feature selection based on unigram 
and appraisal phrase feature set and SVM with String kernel on AmazonCN test dataset as shown in Fig 1. 
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Fig.1 Accuracies of Various Machine Learning Algorithms on AmazonCN test dataset  
These results indicate that the performance is satisfied in the AmazonCN dataset use our method, some times 

the result based on machine learning methods be not satisfied for some modifier word, but SVM with String Kernel 
function is an approach to solve this problem, experiment result show that it is effective. 
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Fig.2. Accuracy of improved semantic orientation approach and SVM with String kernel method 
From Fig.2., we find that our method is exceed to improved semantic orientation approach[10] on AmazonCN 

dataset ,improve semantic orientation approach depend on the search result of Google search engine, and Google 
don’t provide near operation, so it’s result is unreliable,  high time expense and poor performance, our method has 
stable performance and high effective. 

 
4. Conclusions and future work 
 

In this paper, we present our work on Chinese 
opinion mining, with emphasis on mining opinions on 
online reviews. We have developed based on machine 
learning methods. Using a real-world dataset on 
opinions about AmazonCN dataset, we have conducted 
comparative experimental studies and conclude that our 
approaches seem to be effective. Though the machine 
learning based method outperforms its alternatives 
(especially the method based on SVM), such methods 
would require large labeled training instances, which 
are usually time consuming and labor intensive to 
acquire. 

One promising line of future research is to improve 
the performance of machine learning-based methods, 
such as use SVM with semantic parser tree kernel 
function. Another direction is to use semi-supervised 
learning methods with a small set of manually labeled 
train data plus many additional unlabeled data. 
Considering the complexity of Chinese opinion mining, 
our next work will draw on more heavily Chinese NLP 
techniques, such as Chinese parsing and semantic 
annotation. 
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