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How to improve the classification precision is a major issue in the field of Chinese 

text classification. The tf-idf algorithm is a classic and widely-used feature selection al-

gorithm based on VSM. But the traditional tf-idf algorithm neglects the feature term’s 

distribution inside category and among categories, which causes many unreasonable se-

lective results. This paper makes an improvement to the traditional tf-idf algorithm 

through the introduction of the concept of Category Discrimination. We evaluate our al-

gorithm with experiments, and make comparisons with other algorithms. The experi-

mental results show that the improved tf-idf algorithm consistently has a higher precision 

and recall compared with the traditional tf-idf algorithm, and is superior to other algorithm 

as a whole. Therefore, it is a more effective feature selection algorithm in text classifica-

tion field. 

 

Keywords: text classification, text categorization, feature selection, tf-idf, category dis-

crimination 

 

1. INTRODUCTION 

Alone with the expansion of Internet information and the enlargement of the storage 

capacity of personal computer, more and more information is saved and utilized in the 

form of electronic documents. People are demanding methods to exploit useful information 

from enormous texts efficiently. The automatically text classification based on machine 

learning is one of the common ways on solving this issue. It is widely used in the field of 

web text categorization, information retrieval, email filtering, and spam SMS filtering, etc. 

[1] 

At present, the Vector Space Model (VSM) is the most popular model for text clas-

sification. In the process of VSM, the feature selection is a quite important procedure be-

cause it will significantly affect the classification result and running performance. There’re 

many common algorithms for feature selection, such as tf-idf, information gain, expect 

interaction entropy, chi-squared statistic, etc. [3][4][5]. Among these algorithms, the tf-idf 

(term frequency inverse document frequency) algorithm is a classic method. Research by 

He J Z and Wang H F has shown the simplicity and effectiveness of tf-idf [6]. The tf-idf 

algorithm is an advisable compromise of performance and expense for high-dimension-
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features Chinese texts, and suitable for Chinese text classification. 

The tf-idf algorithm is based on the theory that the higher of the occurrence fre-

quency of a term in a certain document, and the smaller of the range of documents in 

which the term occurs, the more suitable of the term for representing the document’s 

category. The tf-idf algorithm considers the influence of these two factors together. How-

ever, there is an imperfection in this theory, it never takes the intra-category and inter-

category distributions of feature terms into account, which are also influential factors, 

and this will cause many unreasonable selective results. 

Chinese is different than English, it has more complicated and diverse words us-

age, especially in literary creation. It is more difficult to summarize an article with 

some few words. So we need to increase the number of feature terms in text classifi-

cation, that’s why Chinese usually has high-dimensionality vector space in VSM, 

which will increase the calculation amount and reduce the accuracy of classification.  

Although tf-idf algorithm has acceptable performance, it’s defect on accuracy will also 

amplified by the complexity of Chinese. 

Aiming at the defect of the tf-idf algorithm, this paper mainly analyzes the theory 

of tf-idf algorithm, and introduces an improved algorithm based on category discrimination 

to remedy its defect and improve the precision and recall of text classification. 

The rest of this paper is structured as follow. In Section 2, we introduce the concept 

of feature selection and the theory of the tf-idf algorithm. In Section 0, we give a brief 

review of some existing works. In Section 4, we analyze the defect of the traditional tf-idf 

algorithm. In Section 5, we introduce the definition of category discrimination and propose 

our improved algorithm. In Section 6, we evaluate our new algorithm through experiments 

and analyze the results. At last, we conclude this paper in Section 7. 

2. FEATURE SELECTION AND TF-IDF ALGORITHM 

Text classification is the process of classifying the unclassified text into specified 

category based on text content with trained classifier. In mathematical theory, text classi-

fication in fact is a kind of mapping process, a process to map the unclassified texts to 

presented categories based on certain rules. The main task of text classification is to con-

clude the rules of classification (which is mapping rules) based on the data information 

extracted from presented samples. When unclassified text is inputted, the classifier finds 

the category related to the text according to the mapping rules, and labels the text as that 

category. 

Based on the widely-used VSM, the general process of text classification consists of 

four procedures: 1) Express texts as feature terms (t1, t2, t3, …, tn), most of the time we do 

this via word segmentation. 2) Weight every feature term with certain algorithm and select 

the first N feature terms that have the heaviest weight to construct vector space. 3) Train 

classifier with vector space. 4) Test the classifier and evaluate the effect of classification. 

In this process, feature selection is an important step; the quality of feature selection will 

affect the quality of text classification directly. 

The objective of feature selection is to select the most essential feature terms that is 

most suitable for representing the document’s category, and eliminate the redundant, un-

related, even misleading-prone terms, thereby improve the precision of classification, and 



 

reduce system expense and running duration. 

The tf-idf algorithm is one of the classic feature selection algorithms. In the theory 

of the tf-idf algorithm, the higher of the occurrence frequency of a term(tf) in a category, 

the more suitable of the term for representing this category; the wider of the range of 

documents in which feature term occurs(df), the less suitable of the term for represent-

ing the document’s category. 

The tf-idf algorithm expresses the weight of a feature term as the product of term 

frequency (tf) and inverse document frequency (idf), the equation of algorithm is shown 

below: 

𝑤𝑖𝑗 = 𝑡𝑓𝑖𝑗 ∗ 𝑖𝑑𝑓 = 𝑡𝑓𝑖𝑗 ∗ log (
𝑁

𝑛
+ 0.01)         (1) 

Where wij is the weight of feature term tj to category Ci. tfij represents the occur-

rences number of feature term tj in all documents of category Ci, idf represent the ratio 

of the total number of documents to the number of documents which contain term t in 

all documents. N refers to the total number of documents, n refers to the number of 

documents which contain t. The additional 0.01 is to prevent the 0-weight when N 

equals n. 

3. RELATED WORK 

There are many variants of the tf-idf algorithm. We introduce some common var-

iants in this section. In Section 6 we will choose some variants and make a comparison 

to our proposed algorithm. 

First, we make some symbol definitions here. We use Ci to represent the category 

in which term t occurs currently, 𝐶�̅� to represent all other categories. N is the total 

number of categories. tp refers to the number of documents which contain term t in 

category Ci, fp refers to the number of documents which doesn’t contain term t in 

category Ci. fn refers to the number of documents which contain term t in category 𝐶�̅�, 
tn refers to the number of documents which doesn’t contain term t in category 𝐶�̅�. 
3.1 The tf-OR Algorithm 

The tf-OR algorithm is an excellent supervised feature selection algorithm based 

on Odd Ratio theory. It was proved having good quality in feature selection [7]. tf-OR 

uses the equation below to calculate term’s weight: 

𝑤𝑖𝑗 = 𝑡𝑓𝑖𝑗 ∗ log
𝑡𝑝 ∗ 𝑡𝑛

𝑓𝑝 ∗ 𝑓𝑛
           (2) 

Where wij and tfij has the same definition to equation (1), other symbols were 

defined as above. 

3.2 The tf-rf Algorithm 

The tf-rf algorithm is another supervised feature selection algorithm proposed by Lan 

[8]. tf-rf only takes term’s occurrence frequency into account, it uses the equation below 

to calculate term’s weight: 

𝑤𝑖𝑗 = 𝑡𝑓𝑖𝑗 ∗ log (2 +
𝑡𝑝

𝑓𝑛
)           (3) 

3.3 The logtf-rfmax Algorithm 

Nguyen Pham Xuan and Hieu Le Quang[9] proposed an improved version to tf-rf, 



the logtf-rfmax Algorithm. It weighs the term as below: 

log 𝑡𝑓 ∙ 𝑟𝑓𝑚𝑎𝑥 = log2(1.0 + 𝑡𝑓) ∙ max
1≤𝑖≤𝑁

{𝑟𝑓(𝐶𝑖)}        (4) 

Where rf(Ci) can be calculated by the equation below: 

𝑟𝑓(𝐶𝑖) = log2 (2 +
𝑡𝑝

𝑡𝑛
)            (5) 

3.4 The ConfWeight Algorithm 

Aiming at tf-idf’s overlook of feature term’s distribution, Soucy and Mineau [10] 

proposed the ConfWeight algorithm based on the theory of confidence interval of sta-

tistics. The ConfWeight algorithm considers text category information while doing 

classification. For feature term t and category Ci, The ConfWeight algorithm uses the 

equation below to calculate the positive probability of t belonging to Ci and the nega-

tive probability of t not belonging to Ci: 

𝑝+ =
𝑡𝑝 + 1.96

𝑡𝑝 + 𝑓𝑝 + 3.84
, 𝑝− =

𝑓𝑛 + 1.96

𝑓𝑛 + 𝑡𝑛 + 3.84
       (6) 

If the confidence interval was set to a constant value, such as 90%, then we can 

obtain the lower bound of confidence of t belonging to Ci, denote as MinPos, and the 

upper bound of confidence of t not belonging to Ci, denote as MaxNeg. Based on these 

two values we can then calculate the confidence of t belonging to Ci, as the equation 

shown below: 

𝑐𝑜𝑛𝑡𝑟𝑖𝑡,𝑐 = {
log2 2 ∗

𝑀𝑖𝑛𝑃𝑜𝑠

𝑀𝑖𝑛𝑃𝑜𝑠 + 𝑀𝑎𝑥𝑁𝑒𝑔
, 𝑀𝑖𝑛𝑃𝑜𝑠 > 𝑀𝑎𝑥𝑁𝑒𝑔

0           , 𝑀𝑖𝑛𝑃𝑜𝑠 ≤ 𝑀𝑎𝑥𝑁𝑒𝑔

   (7) 

The ConfWeight algorithm takes term frequency and confidence into account at 

the same time while weighting feature term, as the equation shown blow:  

𝐶𝑜𝑛𝑓𝑊𝑒𝑖𝑔ℎ𝑡𝑡,𝑐 = log(𝑡𝑓𝑖𝑗 + 1) ∗ ( max
𝑐∈𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑒𝑠

(𝑐𝑜𝑛𝑡𝑟𝑖𝑡,𝑐))
2

    (8) 

Soucy and Mineau have proved that the ConfWeight algorithm has a better clas-

sification effect than tf-idf, tf-OR, and tf-rf. But this algorithm also brought more calcu-

lation complexity and implementation difficulty. 

3.5 icf-based Algorithm 

The “Inverse-Category-Frequency based Supervised Term Weighting Schemes” 

was proposed by Deqing Wang, and Hui Zhang[11], they introduced the concepts of 

Category frequency (cf), which refers the number of categories in which term ti occurs. 

Then the icf-based scheme can be expressed as 

𝑖𝑐𝑓 − 𝑏𝑎𝑠𝑒𝑑 = 𝑡𝑓 ∙ log2 [2 +
𝑡𝑝

max(1, 𝑡𝑛)
∙

𝑁

𝑐𝑓(𝑡𝑖)
]       (9) 

3.6 tf-χ2, tf-IG and tf-GR Algorithm 

Debole and Sebastiani [12] proposed three feature selection algorithms, tf-χ2, tf-

IG and tf-GR, these methods improve classifying effect to some extent. Nevertheless, 

due to the limitation of idf, these algorithms were still easily producing some unrea-

sonable features with low frequency but high weight.  

4. DEFECT ANALYSIS OF THE TF-IDF ALGORITHM 



 

Debole has pointed out that the tf-idf algorithm performs well in information re-

trieval filed, but because it neglects the categorical information of texts, it can’t obtain the 

same good effect in text classification field [13]. 

The tf-idf algorithm is simple and effective, but it treats the document set as a 

whole, especially in the calculation of idf, and this causes the loss of some good feature 

terms. In specific, the defects of the tf-idf algorithm mainly exists in two respects: 

1) It ignores the inter-category distribution of feature term. For instance, the fea-

ture term “shareholder” may frequently occurs in documents of category “Fi-

nance”, and seldom occurs in other categories. Terms like this are good feature 

terms because they have strong classification power, but in the tf-idf algorithm, 

this term will be abandoned because its low idf value which results in low 

weight wij. 

2) It ignores the intra-category distribution of feature term. For instance, feature 

term t1 and t2 are distributed in one category, t1 is distributed uniformly and t2 

is distributed nonuniformly. In this case, the evenly-distributed term t1 should 

has a heavier weight than the unevenly-distributed term t2, because the term 

just occurs in few documents probably is exception, obviously can’t represent 

the category well. However, the tf-idf algorithm never considers this factor 

because it treats all documents as a whole. 

Table 1 is a simplified training set that only contains 15 documents, and was divided 

into 3 categories C1, C2, C3, each category contains 5 documents. dij refers to the j-th doc-

ument in category Ci (i=1,2,3; j=1,2,3,4,5). tk (k=1,2,3) denotes the feature term that was 

obtained after text preprocessing. 

 

Table 1. A simple training set 
Feature term 

Training Set 
t1 t2 t3 

C1 

d11 5 0 10 

d12 5 0 10 

d13 5 0 10 

d14 0 0 0 

d15 0 15 0 

C2 

d21 0 0 0 

d22 0 0 10 

d23 0 0 10 

d24 0 0 0 

d25 0 0 10 

C3 

d31 0 0 0 

d32 0 0 0 

d33 0 6 10 

d34 0 6 10 

d35 0 0 10 

 
As shown in the table, the distribution of term t1 concentrates in category C1, and t1 

is distributed evenly relatively, so it can easily distinguish C1 from others, but is not suita-

ble for distinguishing C2 and C3. Term t2 is distributed in C1 and C3, but unevenly, only 

occurs in one or two documents, so t2 is not suitable for categorization. Term t3 has almost 



the same distribution in all three categories; it can be considered having no distinguishing 

ability. We calculate feature term’s weight with equation (1) of the tf-idf algorithm, and 

the results are listed in Table 2. 

 

Table 2. Weights computed by tf-idf 
Feature term 

Category 
t1 t2 t3 

C1 10.498 10.498 6.733 

C2 0 0 6.733 

C3 0 8.398 6.733 

 

There are at least two defects in the results. 1) term t1 and t2 have the same weight to 

category C1, this is because they have the same term frequency(tf), both are 15, and the 

total numbers of documents contain t1 and t2 are both 3, so, their weights got from the tf-

idf algorithm must be the same. But this is unreasonable, because t2 occurs not only in 

C1 but also in C3, and only occurs in one document (d15) in C1, based on the analysis above, 

t1 should be more suitable than t2 for representing category C1. 2) Term t3 has almost the 

same distribution in all three categories, it can hardly contribute to categorization, but the 

tf-idf algorithm gives it relatively high weight, which is unreasonable either. So, many 

inaccuracies will be created if we weight feature term just with equation (1). 

Therefore, an amending is needed for term idf to reserve the feature terms that 

have strong category distinguishing power, and improve the effect of text classifica-

tion. 

5. AN IMPROVED TF-IDF ALGORITHM 

5.1 Inter-category Dispersion 

Inter-category dispersion describes the distribution of feature term among several cat-

egories. The feature terms concentrate in one or few categories have higher inter-category 

dispersion, these terms have stronger category distinguishing power. Refer to the formula 

of standard deviation in statistics, we define inter-category dispersion in equation below: 

𝐷(𝑡) =

{
 
 

 
 √ 1

𝑚 − 1
∑ (𝑓𝑖(𝑡) − 𝑓(𝑡)̅̅ ̅̅ ̅̅ )

2𝑚
𝑖=1

𝑓(𝑡)̅̅ ̅̅ ̅̅
, 𝑓(𝑡)̅̅ ̅̅ ̅̅ ≠ 0

0           , 𝑓(𝑡)̅̅ ̅̅ ̅̅ = 0

     (10) 

Where fi(t) refers to the number of documents contain term t in category Ci, 𝑓(𝑡)̅̅ ̅̅ ̅̅  

denotes the mean of the occurrence frequency of feature term among all categories, m 

refers to the number of categories. 

We can calculate the inter-category dispersion of feature terms in Table 1 with equa-

tion (10): 

 

Table 3. Inter-category dispersions 

Feature term t1 t2 t3 

D(t) 1.732 1 0 

 



 

The higher of the inter-category dispersion, the stronger of the term’s category dis-

tinguishing power. 

5.2 Intra-category Information Entropy 

Information entropy describes how uniformly a kind of energy distributes in space. 

The more uniformly of the energy distribute, the higher of the information entropy [14]. 

According to the definition of information entropy, we use the intra-category information 

entropy to describe the distribution of a feature term in specified category. Those feature 

terms that distribute uniformly in all documents of a certain category, have a higher intra-

category information entropy, these terms are more suitable for representing the documents 

of this category. We calculate the intra-category information entropy by equation below: 

𝐸(𝑡, 𝐶𝑖) = −∑𝑒𝑗

𝑛

𝑗=1

            (11) 

The ej is defined as below: 

𝑒𝑗 = {

𝑁𝑑𝑗

𝑁𝐶𝑖
log2

𝑁𝑑𝑗

𝑁𝐶𝑖
, 𝑁𝐶𝑖 ≠ 0 𝑎𝑛𝑑 𝑁𝑑𝑗 ≠ 0

0    , 𝑁𝐶𝑖 = 0 𝑜𝑟 𝑁𝑑𝑗 = 0

       (12) 

Where n denotes the number of documents in category Ci, Ndj represents the number 

of feature term t in the j-th document of category Ci, NCi represents the total number of 

feature term t in all documents of category Ci. 

We can calculate the intra-category information entropy of feature terms in Table 1 

with equation (11) and (12): 

 

Table 4. Intra-category information entropies 

Feature term t1 t2 t3 

E(t, C1) 1.585 0 1.585 

E(t, C2) 0 0 1.585 

E(t, C3) 0 1 1.585 

 
The higher of the intra-category information entropy, the stronger of the term’s cate-

gory distinguishing power. 

5.3 Category Discrimination 

Known from the analysis of the above, the higher of the inter-category dispersion or 

intra-category information entropy, the stronger of the category distinguishing power. 

Therefore, we introduce the equation below to represent feature term’s power of distin-

guishing category Ci, namely Category Discrimination: 

𝐶𝐷(𝑡, 𝐶𝑖) = 𝐷(𝑡) ∗ 𝐸(𝑡, 𝐶𝑖)           (13) 

In conclusion, we use the equation below to improve the tf-idf algorithm: 

𝑤𝑖𝑗(𝑡) = 𝑡𝑓𝑖𝑗 ∗ 𝐶𝐷(𝑡𝑗, 𝐶𝑖)           (14) 

wij is the weight of feature term t to category Ci, tfij is term frequency of tj, CD(tj, Ci) 

is category discrimination of feature term t to category Ci, it can be calculated with equa-

tions (10)(11)(12)(13). In the improved tf-idf algorithm, we replaced the inverse document 

frequency idf with category discrimination CD(tj, Ci), thus fixed the defect of the tradi-

tional tf-idf algorithm which haven’t take the intra-category and inter-category distribu-

tions of feature term into account. 



Now we can recalculate the weight of feature terms in Table 1 with equation (14): 

 

Table 5. Weights computed by the improved tf-idf 
Feature term 

Category 
t1 t2 t3 

C1 41.178 0 0 

C2 0 0 0 

C3 0 12 0 

 

Through the comparison between Table 2 and Table 5, we can see the weighting re-

sults by the improved tf-idf algorithm reflect the real distributions of feature terms, and are 

closer to reality. We can preliminarily conclude that the category discrimination can 

largely remedy the defect of the traditional tf-idf algorithm. 

6. EXPERIMENTS AND RESULTS ANALYSIS 

In this section, we will design and conduct some experiments to reinforce the effec-

tiveness of our newly proposed algorithm. We will make several classifications with some 

common algorithms and our improved tf-idf algorithm, and first make a comparison be-

tween the improved tf-idf and the traditional tf-idf algorithm, then make some other com-

parisons with other algorithms that contains tf-OR, tf-rf, and ConfWeight algorithm. The 

experiments are detailed as below: 

6.1 Experimental Dataset 

The dataset used in experiments of this paper consists of Sogou Laboratory Corpus1 

and Fudan University Corpus2, they are all Chinese corpus. 

Sogou Laboratory Corpus contains roughly 100,000 news documents, divided into 

dozens of categories. But it is not quite ordered, so we choose some explicit and concen-

trated documents subset, which are Cars, Finance, Education, and Tour. 

Fudan University Corpus includes 9804 training documents and 9833 test documents, 

divided into 20 groups. It had been manually organized and is better categorized, but the 

number of documents in each category are very uneven, the largest category has 1600 

documents while the smallest category only contains 27 documents. So we discard those 

categories that have few documents (less than 1000), the left categories are Sports, Envi-

ronment, Politics, Agriculture, Economy and Computer. 

The final corpus we get contains 10 categories of documents. We randomly pick out 

600 documents from each category as training set, 400 documents as testing set (No dupli-

cates); the ratio of training set to testing set is 6 to 4. 

6.2 Experimental Procedures 

The steps of experiments are listed below, we repeat this experiment 3 times for each 

method involved and use the average number as final result. 

                                                 
1 Sogou Laboratory Corpus can be downloaded from: 

http://www.sogou.com/labs/dl/c.html 
2 Fudan University Corpus was collected by professor RongLu Li, it can be downloaded 

at: http://www.nlpir.org/download/tc-corpus-answer.rar 



 

1) Text expression. We segment words with the word segmentation program IC-

TCLAS which provided by Institute of Computing Technology, Chinese Acad-

emy of sciences, then filter the stop-words (such as adverbs, pronouns and auxil-

iary words), so we get the candidate feature terms set for VSM. 

2) Feature selection. The feature selection algorithms involved in our experiments 

are tf-idf, tf-OR, tf-rf, tf-χ2, ConfWeight, logtf.rfmax, icf-based, and the improved 

tf-idf algorithm, all have been detailed in Section 2 and 0. Calculate every feature 

term’s weight with specific algorithm, sort them by their weights in descending 

order, and choose the first N feature terms to construct the N-dimensions feature 

vector space. After feature selection, the original text is expressed as vector form 

(w1, w2, w3, …, wn), where wi represents the weight of the i-th feature term. 

3) Classifier selection. In this paper, we use the Support Vector Machine (SVM) as 

text classifier. The basic idea of SVM is using machine-learning algorithm to con-

struct text classifier. Massive experiments have proved that SVM has distinctive 

advantages in solving classification problems with small, nonlinear or high-di-

mension samples, and applied successfully in many fields. Therefore, we choose 

SVM as the classifier for text classification in this paper. 

4) Evaluation criterion and procedure. We use the common used F1-measure to as-

sess classification accuracy. The F1-measure can be calculated as below. 

First, a confusion matrix is created for each category: 

 

Table 6. Confusion matrix used to evaluate classifier’s precision 
 Classifier positive label Classifier negative label 

True positive label A B 

True negative label C D 

 

In Table 6, A (the true positives) is the number of documents that was la-

beled as this category by classifier, and truly belonged to this category. B (the 

false negatives) is the number of documents that have not been labeled as this 

category but they should have. Similarly, C (the false positives) is the number of 

documents that was labeled as this category but they didn’t belong to this cate-

gory. D (the true negatives) is the number of documents that have not been la-

beled to this category and they truly didn’t belong here. 

For any category, the classifier precision is defined as A/(A+C) and the re-

call rate as A/(A+B), which are both very important indexes for search engine 

and information retrieval system, etc. So a measure is needed to combine these 

two measures into a single value. The F-measure that reflects the relative im-

portance of recall versus precision is often used here. When we grant the same 

importance to precision and recall we have the F1-measure, it can be calculated 

in equation below: 

𝐹1 =
2𝑅𝑃

𝑅 + 𝑃
            (15) 

Where P is precision and R is recall. 

F1 should be evaluated for each category, so we get 10 different F1 values 

for each algorithm after evaluation. To make an intuitive comparison between 

methods, it is needed to combine all F1 values for each algorithm. There are two 



often-used approaches, i.e. micro-F1 average and macro-F1 average. The macro-

F1 is the simple average of all F1 values, while the micro-F1 gives more weight 

to larger categories than smaller ones. In micro-F1 averaging, the A, B, C and D 

in Table 6 are summed up in “micro level”, for instance, it sums up all the A 

values of every category and uses the total number to calculate F1, same to B, C 

and D. In our experiments we will compare micro and macro F1 measure both. 

6.3 Results Analysis 

With each algorithm, we run the classification for different numbers of feature terms 

and calculate the micro and macro F1 value for each time. We make a comparison between 

the eight classification algorithms, the results are reported in Figure 1 and Figure 2. The 

horizontal axis represents the number of feature terms N, which is the dimensionality of 

feature vector space. The vertical axis represents the effect of classification, namely the F1 

value, and Figure 1 shows the comparison of Micro-F1 value, while Figure 2 shows the 

comparison of Macro-F1 value. Each line in the figures shows the performance of each 

term weighting method. 

 

 
Figure 1. The Micro-F1 comparison of eight algorithms 
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Figure 2. The Macro-F1 comparison of eight algorithms 

 

Figure 1 shows the results in term of Micro-F1. Generally, the Micro-F1 values of all 

methods increase when the number of feature terms increase. When the number of feature 

terms is less than 4000, the proposed improved tf-idf algorithm performs almost the same 

as ConfWeight, but when the number of terms is more than 4000, the improved tf-idf shows 

its advantages obviously and achieve its peak at a feature size around 14000 and the best 

value is 84.12%. The traditional tf-idf algorithm reaches its peak of 79.16% around 10000 

feature size. 

Figure 2 depicts the results in term of Macro-F1. The trends of the lines are similar 

to those in Figure 1. The proposed improved tf-idf algorithm shows its advantages when 

the number of terms is larger than 4000. It reaches its peak of 79.81% around 16000 feature 

size, and the traditional tf-idf algorithm reaches its peak of 75.77% around 10000 feature 

size. 

As can be seen from the figures, the improved tf-idf algorithm performs consistently 

better than traditional tf-idf, and is superior to other algorithms as a whole. We noticed that 

the proposed method can hardly shows advantages under low feature size. We think this is 

because of the high dimension’s characteristic of Chinese text. Because of the diversity of 

Chinese words, a Chinese document needs more feature terms to distinguish it. So only 

under a larger number of feature terms can the proposed method shows its advantages. 

7. CONCLUSION 

As a simple and effective feature selection method, the tf-idf algorithm is widely used 

in text classifications. But tf-idf has defect in its theory, which is leaving intra-category 

and inter-category distributions of feature term out of account. This will affect the accuracy 

of classification, especially in Chinese text which has more complexity than English. In 

this paper, we made a research in the tf-idf algorithm, and analyzed its defect with examples. 
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Aiming at the defect of tf-idf, we then proposed an improved algorithm. Specifically, we 

used the theory of inter-category dispersion and intra-category information entropy, and 

introduced the definition of Category Discrimination to take intra-category and inter-cate-

gory distributions of feature terms into account, thereby remedied the defect of the tradi-

tional tf-idf algorithm. To evaluate our new algorithm, we conducted experiments with 

corpus extracted from Sogou Laboratory Corpus and Fudan University Corpus. We used 

SVM as classifier, and F1-measure as evaluation criterion, made a comparison on classi-

fication effects between the improved tf-idf algorithm and other text classification algo-

rithms. The experimental results showed that this improved algorithm consistently has a 

better precision and recall than traditional one, and superior to other algorithms as a whole. 

Thereby, we can conclude that the improved tf-idf algorithm has a better effect on 

feature selection, thus can substantially improve the effect of text classification. It is a 

feasible feature selection method in Chinese text classification. 

For future work, first we are going to conduct more experiments to validate our 

method, second we will try to make further improvements on the algorithm, and reduce 

the required feature size of our method. 
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