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Abstract — with the rapid development of the question and answer services which are based on community, like Sina iAsk, Baidu 
Zhidao and Yahoo! Answers, the Community-based Question Answering, CQA, service has become a new knowledge-sharing 
model, which has characteristic of interactivity, openness etc. Increasing more people use the services which are provided on these 
sites to meet the information needs. In order to accurately understand the user’s query and provide useful information, it is 
necessary to deal with the questions in the community, and the Question classification in the CQA is the key component in this step. 
However, the difficulty of the question classification is High-dimensional feature vector, which usually uses the feature selection as 
the primary method of dimensionality reduction, and in this paper, a combined extract features method is presented to screen the 
question features for the first time to obtain a feature subset. Then the importance and dependence of the rough set is used as the 
heuristic information for the feature selection to further screen the useful features. Experiments show that the algorithm is 
effective, and it not only make the question of feature dimensions reduced to some extent, but also improve the classification 
accuracy of the question. 
 
Keywords - Community-based Question Answering; Question classification; rough set; Extract Features; Attribute reduction. 
  
 

I. INTRODUCTION 
 

At present, the common CQA service includes Baidu 
Zhidao, Sina iAsk, SoSo, Yahoo!Answers in China 
community-based QA. As a typical interactive 
application, it is more and more popular to get the online 
information with the community-based question and 
answer service. The user in the community is not only a 
consumer of online information, but also the provider of 
the information, because the community-based QA makes 
the user share their knowledge and experience together 
[1]. Now, community-based question and answer service 
has gradually been paid attention by the industry peers 
and the researchers in related fields, which is becoming a 
hot topic.  

Question Classification is an important part of a cQA 
system, which is the basis to develop the strategies of 
taking answers and pinpointing answers, and the accuracy 
of classification directly affects the performance of 
question answering system [2]. The usual task of question 
classification is to classify the question by the result that 
the user desired, such as the type of question aiming for 
the data, the types for names and so on, to guide the auto 
QA system to find answers to the questions. But in cQA 
service, the purpose of classification task is to assort 
different questions into different topic field, such as 
business, tourism, computer and network, which is a kind 
of automatic text classification. The statistical learning 
algorithms of the usual text classification mainly include 
the Naive Bayes (NB) [3], kernel method[4], Snow[5], 
KNN（Nearest Neighbors NN）, and SVM, etc. It is 
different from the traditional distance metric method 
between document and categories that Bigi presents a new 

distance metric method: Kullback Leibler Distance [6]. 
The method can measure the distance between the word 
probability distribution and various types of word 
probabilities in the classified documents to guide the 
classification algorithm to put the classified documents 
into the closest category in its distribution. Besides Tian 
Weidong et al. [7] adopted a policy of self-learning rule to 
classify, which uses POS information to build the rule of  
“question words: category” and “question word 
+headword: category” for Chinese Question 
Classification, and it achieved good classification results 
in experiment. Singh et al [8] used the language model 
that is based on the translation to carry out the Question 
Classification, that language to the vector space, and the 
effect should be better compared to the vector space 
model. Questions in cQA are usually short and cannot 
provide sufficient syntactic and semantic features. To 
tackle the problem of data sparseness, Hotho et al. [9] 
used the synonym and hypernym included in WordNet to 
expend the textual characteristics. Cai et al. [10] proposed 
a two-stage approach for question classification in cQA. 
The large-scale categories are pruned to a small subset, 
and then the questions are enriched by leveraging 
Wikipedia semantic knowledge (hypernym, synonym and 
associative concepts). 

There are a lot of similarities between Question 
Classification in cQA and traditional text classification, 
but also there are many differences. If the existing 
classification method is applied directly to the cQA, it will 
lead a significant reduction in classification accuracy. On 
the one hand, different from the normal texts and 
documents, the questions in cQA are usually short. 
Therefore, the traditional learning model which is based 
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on the bag-of-word in vector space model extracts a lot of 
feature value with zero due to the data sparseness. On the 
other hand, the original feature space may be provided by 
all the features in questions. The huge number of feature 
words, but some features words often not only appear 
rarely, but also the contained category of information does 
not have good capability of characterization for the 
features of questions, , which will increase the dimension 
of the vector space. Classification algorithm and the 
complexity of implementation will be increased with the 
increase of the feature space dimension. So the effective 
screening of features can not only improve the training 
time of question classification, but also can improve the 
accuracy of classification. 

To solve the above question of high-dimensional 
problems, this paper first adopts the similarity between 
terms and terms to obtain the feature space, and after, the 
dimensionality reduction of questions feature space is 
performed by using the attribute reduction based on the 
rough set, which not only solves the problem of the 
disaster of the space dimension, but also reduces the 
complexity of the classification algorithm. The 
experimental results have demonstrated that the method is 
effective.  

The rest of this paper is organized as follows. Section 
2 introduces the method of feature extraction. Section 3 
introduces the attribute reduction based on Rough Set. 
Section 4 reports and analyzes the experimental study on 
the Chinese question classification in cQA. Finally, 
section 5 summarizes this paper and introduces the future 
work. 
 

II. METHOD OF FEATURE EXTRACTION 
 

In process of feature extraction, the word 
segmentation plays a crucial role. ICTCLAS platform 
(http://ictclas.nlpir.org/) is used to do word segmentation 
for Chinese questions and stop words are removed in this 
paper. When constructing the marked category for the 
artificial collated fields, you will find a lot of damaged 
entries that induced by the word segmentation tool, which 
is mainly due to the lack of appropriate rules for the user’s 
dictionary. In word segmentation, there are many feature 
words that has obvious differential ability to such 
categories, , because the problem that caused the 
destruction of parts of the speech, for this problem, Bin 
Yang proposed to build a proprietary user dictionary [13] 
to solve the problem of part speech in the process of word 
segmentation. 
 
A.  Domain Proper Nouns Table 
 

In Community-based Question Answering system, 
there are some domain proper nouns which can contribute 
to the identification for the category. For example, 
Dungeon-Fighter is a popular game and becomes a hot 

topic in the game community of Baidu Zhidao, the 
domain term “地下城” cannot be spitted into “地下  城”. 
Therefore, the domain proper nouns are collected and 
adopted as a dictionary for the word segmentation tools. 

 
B.  Feature Table upon Category Tree 

 
The categories are organized as multilayered structure 

in cQA. In fine classification (it is the classification for 
the layer 2 categories).Because of the use of the feature 
extraction algorithm, its features will be sorted. The 
features with the coarse categories are extracted, and the 
data sparseness is very obvious because of the huge 
amount of questions. Therefore, the fine features are 
extracted according to the bottom level. We set a 
predefined dimension D, and extract the high-frequency 
terms from the labeled questions. First, the number of 
terms belong to the category i with high frequency is 
Counti, and the number of overall terms is counted as 
Sum. Then, the proportion of the number of the term with 
high frequency is set to Pi= Counti/Sum. So, the number 
of features extracted from the labeled questions upon the 
bottom categories is Ni= Pi*D. 

 
C.  Combined Extract Features Algorithm 

 
Currently, the main selection algorithms for the 

feature words of the text categorization are: DF, IG, MI, 
CHI, etc. But suppose these feature extractions are all 
based on assumptions that the feature items are 
independent, and the focus of each method is different. 
DF stressed that the effect of the high frequency on 
question classification, ignored the word which appears 
less influence to the classification, neglected the effect of 
the word on the classification. MI’s feature selection 
trends to affect the classification of rare words. Literature 
[14] by introducing the disturbance factor achieved good 
results in dimensionality reduction and classification 
accuracy. But it is not satisfied with the low-dimensional 
data processing. CHI focuses on the correlation between 
the entry and the category. The more relevant is, the 
greater the contribution to the categories. These 
assumptions will cause the loss of part of classified 
information, and affect the result of the following 
Classification question. Aiming at the advantages and 
disadvantages for each feature extraction algorithm, 
Citation [15] put forward a united feature extraction 
method—CEFA, and made corresponding improvement. 
To combine DF with IG, MI, and CHI to make feature 
selection, in order to remove redundant features and retain 
the important feature of the low-frequency word.  

 
D.  The Questions Feature Extracting Value 

 
This paper selects the bag of words as the 

classification features, getting through the proposed 
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Combined Extract Features Algorithm to obtain 
classification feature by setting a corresponding threshold, 
and gets a different number of dimensional vector space 
model (VSM), due to the questions in cQA are usually 
short. Therefore, the traditional learning model based on 
the bag of words in vector space model extracts a lot of 
feature value with zero due to the data sparseness. Since 
the word in question appears, although not appears in the 
feature space, it may also have a strong correlation with 
the features dimension of the feature space. The question 
of the words appears in the feature space on a particular 
dimension, and other features dimension also exist a 
certain correlation. Therefore, to solve the data sparseness 
problem of the question classification, the method for 
calculating the semantic similarity of vocabulary is 
adopted , for the words that appear in each question, the 
similarity computation  is carried out for the feature 
dimension words in the feature vector space respectively, 
and the similarity value-weighted is used for the 
weighting of features dimension , and the relevance of the 
words could be reflected in the feature vectors of each 
questions, to resolve the data sparseness problem of the 
question . 

In order to get the feature vector of each 
corresponding question, the feature vector space Wk 
obtained through the statistics is (W1,W2,…,Wk,…,Wn) , 
and each question Ti can be regarded to be constituted by 
the independent features entries’ group 
(Wi1,Wi2,…,Wik,…,Win). The features word Wik of 
each feature in turn calculate the similarity with feature 
space attribute word Wk through the vocabulary semantic 
similarity, and the similarity is calculated by using Liu 
Qun “Based on HowNet semantic similarity is calculated” 
[16], the formula is as follows (1) 
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Using Sim1 (W1,W2) as the first sememes similarity, 

Sim2(W1,W2) as other sememes similarity, 
Sim3(W1,W2) as the relational sememes similarity, 
Sim4(W1,W2) as the symbol sememes similarity, βi 
(1≤i≤4) as the adjustable parameters, where β1 =0.5, β2 
=0.2, β3 =0.17, β4 =0.13. 

Through the word similarity calculation, the question 
can in turn get the word and other word-dimensional 
feature space weights (A1k, A2k,…, Aik,…, Ank). The 
corresponding word in this question and feature space 
attribute values is calculated by averaging other weights 
Aik. The formula is as follows (2) 
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In which n is the number of dimensions of the feature 
space, and the average weights is calculated for each 
question in the feature space. Put this value as the feature 
value of this feature dimension of the questions, and 
regard the feature attribute Wk as the horizontal axis of a 
k-dimensional coordinate system, , and the feature entry 
group (Wi1,Wi2,…,Wik,…,Win) of the questions Ti as 
the vertical axis of the coordinate system , 
(M11,M12,…,Mik,…,Min) for the corresponding 
coordinate values. Such a feature that extracted from any 
of the question constitutes an n-dimensional feature 
vector, m questions (T1,T2,…,Ti,…,Tm) can be 
configured to extract a feature vector of dimension m*n. 
 
 

III. ATTRIBUTE REDUCTION BASED ON RS 
 

Rough set theory [17] is proposed by a professor at the 
University of Pawlak of Poland in 1982. As the new 
mathematical tools for processing the knowledge of 
incompleteness, inaccuracy, uncertainty, the rough set 
theory is to analyze the data obtained directly that does 
not require any initial or additional information to be 
handled in advance, mainly to mine the characteristics for 
the rule that hidden in the knowledge and to express its 
form with their knowledge. In fact, the core of the entire 
mining process is the attribute reduction and rule 
extraction of the knowledge [18]. Through thirty years of 
development and improvement, rough set has not only 
established a relatively complete theoretical system, and 
also developed the technology model design by the use of 
rough set theory, and application system is becoming 
mature. With the current rough set theory continues to 
mature, the rough set has been successfully applied to the 
field of decision analysis, artificial intelligence, pattern 
recognition and text-mining and others. 
 
A.  Knowledge representation method of RS 
 

Knowledge representation system of knowledge is to 
find useful knowledge from large amounts of data through 
a certain method of describing the order or decision rules 
by studying the basic characteristics of the value of the 
specified object. It is possible to use the knowledge 
representation method of information systems to achieve 
the accurate knowledge of the rules found in the 
description and expression by the rough set theory [19]. 
Features (attributes) knowledge representation system by 
specifying the object and the characteristics (property 
values) is described, and a typical method of rough set 
knowledge representation system S can be described as: 

 
),,,()( FVDCUsD                            (3) 
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Where: U is the non-empty object, called domain; C, 
D is the set of attributes condition and results of a set of 
attributes, is a range of property and an information 
function, which can be defined for each attribute of an 
information value, which is: 

You can use the data in tabular form for easy and 
accurate expression of the knowledge rules of the 
knowledge representation system of the rough set theory. 
In the data table of the knowledge representation system, 
the raw of the relational table corresponding to the 
research object, and each row represents a message of the 
system and the column corresponding to the object's 
properties, and the information of an object is expressed 
through the property value of the specified object, so the 
each property of the information system will correspond 
to an equivalence relation, and a table of information is 
defined as a family of equivalence relations, that is 
knowledge-based systems. 
 

TABLE 1 DECISION INFORMATION TABLE 

U 
C（condition attribute） 

D（decision attributes） 
C1 C2 C3 ... 

x1 2 1 4 ... 1 

x2 5 4 2 ... 2 

x3 7 3 6 ... 3 

... ... ... ... ... ... 

 

Training samples in this article can be converted into a 
form of expression of this decision table. Here, in order to 
meet the requirements of rough sets on the treatment 
methods and procedures that can be performed more 
easily, some of the original property has been quantified 
and replaced by discrete values; decision attribute also is 
quantized into discrete values. There are many kinds of 
discrete method of the rough set theory, which are used by 
us in the analysis of the data equidistant. [20] The 
decision table with discretization. 
 
B.  The importance of calibration characteristics 
 

The above decision table and select Properties directly 
affects the classification effect and time back. The 
calibration of attribute importance refers to the property 
minus the observed classification changes. If it changes, it 
indicates that the property is important, on the contrary, it 
shows that the importance property is low. Calibration 
procedure has the following: 
(1)To calculate the domain of decision attribute D with 
respect to the condition attribute C in the two-dimensional 
decision table: 

DUX
CXDPos

/
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                                 (4) 

 

The domain representation of Decision attribute D 
with respect to the condition attribute C is the training 
question set that can be accurately classified to the 
equivalence class of decision attribute D on the basis of 
the information of the classification information U / C. If 
the classification is complete, it should be the entire 
sample set U. 
(2)According to the dependent function of the rough set: 
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Card refers to a set of base requirements. K=1, 

explains the decision attribute D is completely dependent 
on the condition attributes C; K<1, explains the part 
dependence on the decision attribute D; K=0, describes 
that the decision attribute does not depend on the 
condition attribute C. 

By using this formula to our feature selection, you can 
know the dependence of the decision attribute D on the 
condition attribute C is the ratio of all the number of 
questions in U that can be accurately divided to the 
equivalence class of the decision attribute D according to 
the information of the category U / C and the number of 
the entire sample set. (3)In the decision-making table, 
each attribute ti, can calculate its importance Sig (ti, C, D) 
of the decision attribute D: 

 
)()(),,( DDDCtSig tiCci               (6) 

 
Decision attribute D represents the dependence on the 

condition of the property C, refers to the remove of the 
property ti in the condition attributes C, and the decision 
attribute D dependents on the condition attribute C. The 
higher the value Sig (ti, C, D) is, the greater the 
importance of the property ti to the classification. 
 
C.  Attribute Reduction 
 

In the property on the basis of the importance of 
calibration, I = (t1, Sig (t1, C, D)) ... (tn, Sig (tn, C, D))) is 
the vector of attribute importance. Reduction of property 
can be achieved by. 

(1)In accordance with the size of this array (Sig (tn, C, 
D)) of the sort, delete the property Sig (tn, C, D)) = 0, 
because it does not work for the classification. 

(2)Set a threshold, delete the property that tn, (Sig (tn, 
C, D)) is less than the threshold value, and its aim is to 
remove some of the classification with less important 
attribute, thereby reducing the time to produce rules in the 
sample training stage, but the accuracy of the generated 
rules would be affected. So it should try to make the 
threshold value of the minimum, to ensure the accuracy of 
the rule, and the threshold value can be set to zero when 
the number of the condition attribute is not too much.  
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Feature selection based on the feature selection 
algorithm of the rough set is an attempt to set its rough 
dependence function to be applied to the feature selection, 
and this method can reduce the number of the dimensions 
of the feature set, which has become the method RSFS. 
 

IV. EXPERIMENTAL RESULTS AND ANALYSIS 
 
A.  Experimental Corpus 
 

Chinese question data collected from Baidu Zhidao are 
used as the training examples in the experiments. The 
types in the categories tree can be divided into three layers 
from top to bottom. The top layer contains 13 categories, 
and the second layer contains 141 categories. In the 
second layer, there are 41 categories can be divided into 
the third layers, and then the third layer contains 289 
categories. During the experiment, we select questions 
from the big category "computer network", a total of 
24,561. The questions system is as shown in below Table 
2. 

  
TABLE 2 QUESTION CLASSIFICATION SYSTEM 

 
  

 Experiments used 10-folds cross validation, divided 
the data set that composed of the 24,561 questions into 10 
folds, and each time took a fold as a test set. The test set is 
10% of the entire data set, and the remaining 90% of the 
data composed training set by the nine folds. 10 folds are 
in turn taken as a test set for testing, running 10-folds 
cross validation 10 times independently on average. 
 
B.  Experimental Process and Analysis of its Results 
 

Experiments consist of two parts. In the first part, after 
using the field proper nouns, we use SVM classifier to 
verify whether the effect of the classification is lifting or 
not .In the second part, after thinning the characteristics of 
the question on this basis, we use the rough set to conduct 
the attribute reduction and use SVM, KNN, Naive Bayes 
three different classifiers training experimental model 
respectively. We use different classification methods to 
classify the comparative results of the question. During 
the experiment, the classification levels are divided into 
two kinds of classification, the Rough Classification and 
the Fine Classification. The so-called Rough 
Classification is about conducting classification 
experiments for six big categories, and the so-called Fine 
Classification is about conducting classification 
experiments for 36 small categories.  
 
B1. Based on Exclusive Vocabularies Classification 
 

In reality, new terms are emerging in large numbers 
continuously and such terms often represent the specific 
areas. To compensate for the feature words whose parts of 
speech are destroyed in the process of segmentation, we 
introduce the proprietary vocabularies. In the experiments, 
we use SVM as the classification. Therein, we set the 
penalty factor as 10, and the parameters are default 
values. 
  

TABLE 3 INTRODUCES PROPRIETARY VOCABULARIES 
CLASSIFICATION EXPERIMENT 

The Method of 
Feature Extraction 

Dimension 

 100 100 
 Rough Classification Fine Classification 

Without Domain 
Proper Nouns 

Table 
62.1% 47.2% 

Domain Proper 
Nouns Table 

64.6% 50.2% 

Feature Table 
upon Category 

Tree 
65.8% 51.2% 

 

From the data, we can see that in the case of not 
introducing the proprietary vocabularies, the classification 
condition is 62.1% (Rough Classification) and 47.2% 
(Fine Classification) respectively. After introducing the 
field proprietary vocabularies, the classification is 64.6% 
and 50.2% respectively, which have increased by 2.5% 
and 3%. Later, through the category of proprietary 
vocabularies, we improve the classification results, and 
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compared with the above case, it has raised 1.2% and 
1.0%. As shown in the above table, we can see that the 
introduction of the field proper nouns table and feature 
table upon category tree make the field features and 
characteristics of the various categories have better 
retention and the accuracy has been further improved. 
 
B2. Based on Combined Extract Features Algorithm 
Questions Classification 
 

The traditional methods of feature extraction have 
their advantages and disadvantages. To compensate for 
the shortcomings of various feature extraction algorithms, 
we propose a Combined Extract Features Algorithm to 
improve the traditional feature extraction algorithm. In the 
experiment, for the only question categories, we conduct 
classifying experiments. Classifier is selected as SVM in 
there, and we set the penalty factor as 10 and the 
remaining parameters remain unchanged to validate the 
feasibility of this algorithm. 

From the above table, we can see that the effect of 
classification of the combined extract features algorithm 
proposed by this paper has a little promotion than the 
traditional feature extraction algorithms. Compared with 
the most stable DF algorithm in performance, it relatively 
increases nearly 1%, so this algorithm is effective. 
 

TABLE 4 QUESTION CLASSIFICATION OF DIFFERENT 
FEATURE EXTRACTION ALGORITHMS 

Feature Extraction 
Algorithms 

Dimension 

100 200 300 

DF 64.8% 65.2% 65.5% 

CHI 62.3% 62.8% 63.2% 

MI 64.4% 64.9% 65.4% 

IG 62.8% 63.0% 63.5% 

CEFA 65.8% 66.1% 66.9% 

 

 
C. Based On Classification Of Attribute Reduction Of 
Rough Set  
 

In the experiments, after using the field proprietary 
vocabularies, we solve the problems of destruction of 
parts of speech in the segmentation process. We use joint 
feature extraction algorithm proposed by this paper, after 
setting the appropriate threshold, and we extract the 
feature subset of 100- dimension, 200-dimension, and 
300-dimension respectively. Without destroying the 
original classification results is the feature of the 
classifier. On this basis, we refer to the rough set to 
conduct a second screening for features, and then reduce 
the feature further to screen for effective feature words of 
the classification. 

Experiments use two evaluation methods: Vector 
dimensionality reduction rate and classification accuracy 
rate. 

Vector dimensionality reduction rate is the number of 
invalid features which is reduced divided by the number 
of before Decision Table Reduction features. Its 
mathematical formula is as follows: 

 
ratereduction lity dimensionaVector 

   

featuresReduction  TableDecision beforeofnumber the

 reduced is which features invalid ofnumber   the

   (7) 
  
The number of features which is reduced is that the 
number of features after initialization screening minus the 
number of after Decision Table Reduction features  
Classification accuracy rate is the ratio which is shown in 
questions, which are consistent with the manual 
classification results in all the questions involved in the 
testing classification. It is used to evaluate the 
performance of the classification. The mathematical 
formula is as follows: 

 
accuracytion Classifica 

   

questionstion classifica actual ofnumber  The

questions Categoriescorrect  ofnumber  The

            (8) 
 
 

TABLE 5 THE NUMBER OF FEATURES OF ROUGH SET 
FEATURE SELECTION ITEM 

Dimension 
100 

Dimension 
200 

Dimension
300 

Dimension
The Number of Features 

after  
Pre-treatment 

100 200 300 

The Number of Features 
after Reduction 

73 159 234 

Vector Dimensionality 
Reduction Rate 

73% 79% 78% 

   
In order to demonstrate the effectiveness of the rough 

set attribute reduction, we use SVM, KNN, NaiveBayes 
three different classifiers training experimental model 
respectively, and verify the classification accuracy 
respectively. Therein, SVM parameters are the same with 
the above experimental parameters. In KNN algorithm, 
the value of K is between 10 and 35. Specific 
experimental data is as shown in Table 6, Table 7, and 
Table 8. 
  

TABLE 6 RESULTS OF USING SVM TRAINING MODEL 

 

Categories 

Classification Accuracy Rate 

100Dimension 200Dimension 300Dimension 

No Reduction No Reduction No Reduction 

Rough 

Classification 
65.8% 69.2% 66.1% 70.3% 66.9% 72.4% 

Fine 

Classification 
51.2% 54.3% 51.9% 55.1% 52.3% 56.6% 
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TABLE 7 RESULTS OF USING KNN TRAINING MODEL 

 

Categories 

Classification Accuracy Rate 

100Dimension 200Dimension 300Dimension 

No Reduction No Reduction No Reduction 

Rough 

Classification 
67.1% 70.8% 67.9% 71.4% 68.6% 74.1% 

Fine 

Classification 
52.9% 56.1% 53.4% 56.9% 54.1% 57.7% 

 
 

TABLE 8 RESULTS OF USING NAIVE BAYES TRAINING MODEL 

 

Categories 

Classification Accuracy Rate 

100Dimension 200Dimension 300Dimension 

No Reduction No Reduction No Reduction 

Rough 

Classification 
63.7% 66.8% 64.4% 68.3% 65.6% 69.7% 

Fine 

Classification 
50.4% 53.1% 51.9% 54.3% 52.2% 55.8% 

 

The results show that: after the attribute reduction, the 
classification is increased compared with previous 
attribute reduction. In SVM algorithm, for example, the 
use of rough set in 100-dimensional feature vectors 
represents an unused rough set, which is improved 3.4% 
in rough classification process. Use the 200-dimensional 
feature vector in rough classification process improves 
4.2%. Use the 300-dimensional feature vector in rough 
classification process increases by 5.5%. Only by using 
the attribute reduction of rough set theory can improve the 
classification results. The traditional rules, after obtaining 
the attribute reduction, basically contains attribute which 
is included in the all attributes combinations, that is, these 
attribute, after reduction, can well replace the text 
information. Features are more representative. Although 
the feature extraction has been removed the features 
which are helpless for the classification, the attribute 
reduction still further reduces the dimension and improves 
the classification results. 

From Figure 2 and Figure 3, we can see that in the 
experiments of question classification, the selection of 
different classifier has different classification result of a 
particular sample. In this experiment, the classification 
result of KNN algorithms has significant distinction 
between SVM and Naive Bayes. Its classification result is 
better than the other two algorithms. 

Compared with the current main methods of question 
classification, such as SVM, KNN, NaiveBayes, the rough 
set theory, which is used for classification has the 
following advantages: 1, it could obtain the classification 
required minimum attribute features and could reduce 
dimension of feature vectors under the conditions of not 
affecting the classification accuracy. 2, it could get 
classification rules of the most simple explicit expression, 

and reduce the computational complexity of the classifier 
algorithm. 
    

 
Fig.2 comparison with Rough Classification accuracy 

 
 

 
Fig.3 comparison with Fine Classification accuracy 

 
 

V.  CONCLUSIONS AND FUTURE WORK 
 

In this paper, the rough set attribute reduction has been 
applied to the question classification for its difficulties 
and challenges existed in the cQA, which not only reduces 
the spatial dimension effectively, but also reduces the 
complexity of the classification algorithm, and introduces 
the field proper noun form, uses the united feature 
extraction, so that the correlation of the feature and 
category can be enhanced continuously. Experimental 
results show that this method can significantly improve 
the accuracy of the question classification. Researches on 
cQA have achieved certain results, however, as an 
emerging research topic, some unresolved issues still need 
to be studied, and we need to continue to explore and 
improve. 
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