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Abstract 

The feature weight algorithm of the text can calculate the classification accuracy of the 
entire text. The traditional tf-idf (Term Frequency Inverse Document Frequency) 
algorithm is only limited to the calculation of word frequency, and it is difficult to 
distinguish the weight representation of feature words between and within classes. 
Therefore, based on the document category, this paper proposes an improved tf-idf 
algorithm that combines the distinction between the feature items and the contribution 
within the category, and uses the KNN algorithm and the SVM algorithm to verify. 
Through the actual classification experiment on the Chinese classification corpus, 
compared with the traditional TF-IDF classification method, the macro average 
precision rate, the macro average recall rate and the macro average F1 have been 
significantly improved, verifying the effectiveness of this algorithm. 
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1. Introduction 

With the rapid growth of network information, it has become more difficult to find effective 

information. As a key method of text processing, text classification is mainly to classify unknown 

documents into one or more documents through a series of data processing on labeled data and input 

to the classification model for training. The key to text classification is the vector representation of 

text. The most commonly used method is the vector space (SVM) model representation method. The 

main method idea is to map the document to a vector in a multi-dimensional space, in which the 

feature item is expressed as a spatial coordinate system. In the one-dimensional, the number of feature 

items determines the dimension of the vector. The weight of the feature item indicates the degree of 

importance in the text. By calculating the angle between the vectors, the similarity between the texts 

can be reflected.  

TF-IDF is a feature item weight representation method based on the vector space model. It expresses 

the importance of the word in the classification by calculating the word frequency of the feature item 

in different documents and the document frequency in the entire document set. degree. This method 

is only aimed at the calculation of the frequency level of feature words, and lacks consideration of 

the association between different words or within the cluster, and it is difficult to accurately represent 

the importance of feature items. For example, if a feature word appears uniformly in each document 

or concentrated in one or two documents of a certain category, the feature weight represented by the 

TF-IDF algorithm will be very large, but such a word is obviously difficult to classify, on the contrary 

Should be given a lower weight.  

In view of the shortcomings of the traditional tf-idf algorithm, a large number of scholars have 

proposed improvements on this basis. For example, Lertnattee[1] et al. introduced the inverse class 

frequency (ICF) for the situation where the TF-IDF algorithm did not consider the category 

information. Compared with the inverse document frequency, the main idea of the inverse class 
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frequency is that if a feature item only appears in one or a few categories, then the category 

distinguishing ability of the feature item is stronger, and the classification discrimination degree is 

greater. However, the tf-icf algorithm still only considers the word frequency and the category level 

of the word frequency, and lacks consideration of the document level. Lertnattee[1] et al. proposed the 

TF-IDF-ICF algorithm based on the TF-ICF algorithm and combined with the TF-IDF algorithm, 

which made up for the lack of feature items at the document level and achieved good results. The tf-

idf-icf algorithm only considers whether the feature item appears in the category, and does not count 

the number of occurrences, so it is still unable to perform a good classification. For the tf-idf-icf 

algorithm, Ren[2] et al. only paid attention to the categories that appeared, and lacked the frequency 

of statistical feature items in the category. For this reason, they proposed the TF-IDF-ICSF algorithm. 

The main idea of the algorithm is to use the sum of the document frequencies that the feature t appears 

in each class to reflect the classification degree. Although the inverse document frequency algorithm 

solves the shortcoming of the inflated low-frequency document contribution within the class, it is still 

difficult to reflect the document frequency within the class. Distribution. In addition, literature[3] also 

improved TF-IDF and achieved good results. On the basis of the above research, this paper considers 

the distinguishing ability of the feature item to the category and the uniformity of the distribution 

within the category, and improves the traditional TF-IDF method. 

2. Traditional TF-IDF algorithm and related improvements 

2.1 TF-IDF algorithm 

The most widely used weight calculation method is TF-IDF. It is mainly composed of two parts, one 

part is term frequency (tf) and the other part is document frequency (idf). The main idea is that the 

more often a feature appears in a document (high TF), but rarely appears in other documents (high 

IDF), the more distinguishing the feature from the document, the more it can be. OK represents this 

document. In order to compare documents of different lengths, they are standardized first, and to 

prevent the denominator from being 0, a smoothing is often added. The commonly used TF-DIF 

calculation formula is shown in formula (1): 

𝑊𝑡,𝑑  =  
𝑡𝑓𝑡,𝑑

𝑡𝑓𝑑
× log (

𝑁+1

𝑛𝑡+1
)                           (1) 

Among them, Wt,d represents the weight of feature t in document d, tft,d represents the number of 

times that feature t appears in document d, tfd represents the total number of word frequencies in 

document d, N represents the total number of documents in the corpus, and nt represents the number 

of documents containing feature t Number of documents. 

2.2 Improved TF-IDF algorithm 

It can be seen from equation (1) that the traditional TF-IDF algorithm only considers the word 

frequency TF value and the inverse document frequency IDF value, and does not take into account 

the distribution of feature items between categories and the distribution within a category. If a feature 

item frequently appears in a certain category, but appears less in other categories, then this feature 

item has a good category distinguishing ability and should be given a higher weight. At the same time, 

how a feature item uniformly appears in a document belonging to a certain category, this feature item 

can well represent this category, and it should also be given a higher weight. Therefore, in view of 

the above situation, this paper combines the distribution of feature items between and within the 

category, and improves the TF-IDF algorithm based on the category document. 

2.2.1 Inter-class discrimination 

In order to distinguish the situation between feature item classes, we use Di to represent the document 

collection of feature item t appearing in category Ci, and calculate the average word frequency of 

feature item t appearing in set Di to express the contribution of t to class Ci. Feature The TF value of 

the item t in the category Ci is shown in equation (2), and the IDF value is calculated as shown in 

equation (3) by using the document frequency of the feature item outside the category Ci. 
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𝑇𝐹𝑡,𝐷𝑖
=

∑
𝑡𝑓𝑡,𝑑𝑗

𝑡𝑓𝑑𝑗

|𝐷𝑖|

𝑗=1

|𝐷𝑖|
                               (2) 

𝐼𝐷𝐹𝑡 = log (
𝑁−|𝐶𝑖|+1

𝑛𝑡−|𝐷𝑖|+1
)                            (3) 

In the above formula, Di represents the number of documents in the class Ci that contains the feature 

item t, and the absolute value of Ci represents the number of documents in the class Ci. nt represents 

the number of documents containing feature item t in all documents, tft,dj represents the number of 

word frequencies that feature item t appears in document dj, and tfdj represents the total number of 

word frequencies in document dj Next, we use interCi to represent the distinguishing ability of feature 

item t to category Ci, as shown in Equation (4). 

inter𝐶𝑖 = 𝑇𝐹𝑡,𝐷𝑖
× 𝐼𝐷𝐹𝑡                            (4) 

2.2.2 Intra-class discrimination 

In a certain category Ci, when the feature item t appears in each document of the class Ci, it indicates 

that the feature itemt can well represent this class. At this time, the intra-class dispersion is 0, and the 

intra-class contribution is the largest. Is 1. When the feature item t only appears in one document in 

the class Ci, the intra-class dispersion at this time is 1, and the intra-class contribution is the smallest 

and 0. The in-class contribution formula of the characteristic item t in the class Ci is (5). 

𝑖𝑛𝑡 𝑟 𝑜𝐶𝑖 =
𝑘

𝑛𝑖
×

√∑ (
𝑡𝑓𝑡,𝑑𝑗

𝑡𝑓𝑑𝑗

−𝑡𝑓𝑡,𝐶𝑖
)2|𝐶𝑖|

𝑗=1

𝑡𝑓𝑡,𝐶𝑖

                        (5) 

Among them, tft,Ci represents the average word frequency of feature item t in category Ci, and its 

formula is: 

i

C

j d

dt

Ct
C

tf

tf

tf

i

j

j

i


=

=
1

,

,                              (6) 

For the left half of factor (5), k represents the total number of categories, and ni represents the number 

of categories containing the feature word t. If the item is higher, the distribution ratio of feature words 

among document categories is lower, indicating that the feature words are in the category The more 

inclined the distribution, the stronger the classification ability. For the right half of the factor, the 

uniformity of the feature words among the classes can reflect whether the feature words generally 

exist in multiple category documents. The larger the item, the more uneven distribution of the feature 

word among the classes, that is, it is biased toward a certain class, and the ability to distinguish 

documents is stronger. 

2.2.3 Improved feature weighting algorithm 

Combining equation (4) and equation (5) can get the TF-IDF weight calculation formula of feature 

item t in class Ci in text classification, as shown in equation (7). 

𝑤𝑡,𝐶𝑖=inter𝐶𝑖 × intro𝐶𝑖                           (7) 

3. Experiment and result analysis 

3.1 Evaluation index 

The indicators to measure the performance of each category mainly include accuracy, recall, and F1-

measure. In order to evaluate the performance of the entire classifier, macro average indicators[5] are 

used to measure. The arithmetic average of a class performance index, the larger the F1 value, the 

better the performance of the entire classifier. The calculation formulas for the macro average 

accuracy rate, the macro average recall rate, and the macro average F1 value are as follows. 
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3.1.1 Average accuracy of macro 

𝑀𝑎𝑐𝑟𝑜𝑃 =
1

|𝐶|
∑ 𝑃𝑖

|𝐶|
𝑖=1                             (8) 

𝑃𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖+𝐹𝑃𝑖
                                (9) 

Among them, C represents the number of categories, TPi represents the number of documents that 

originally belonged to the category Ci and were correctly classified into the category Ci by the 

classifier, FPi represents the number of documents that did not originally belong to the category Ci 

but were incorrectly classified into the category Ci by the classifier, and Pi represents the classification 

The accuracy of the device on Ci. 

3.1.2 Average recall rate of macros 

𝑀𝑎𝑐𝑟𝑜𝑃 =
1

|𝐶|
∑ 𝑅𝑖

|𝐶|
𝑖=1                           (10) 

𝑅𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖+𝐹𝑁𝑖
                              (11) 

Among them, FNi represents the number of documents that originally belonged to the category Ci but 

were incorrectly classified into other categories by the classifier, and Ri represents the recall rate of 

the classifier on the category Ci. 

3.1.3 Macro average F1 value 

𝑀𝑎𝑐𝑟𝑜𝐹1 =
2×𝑀𝑎𝑐𝑟𝑜𝑃×𝑀𝑎𝑐𝑟𝑜𝑅

𝑀𝑎𝑐𝑟𝑜𝑃+𝑀𝑎𝑐𝑟𝑜𝑅
                                 (12) 

MacroF1 is a performance evaluation index that combines accuracy and recall. 

3.2 Data 

The experimental data in this article uses a part of the full version of the Sogou news data set. We 

have selected 10 categories from them, namely automotive, finance, IT, health, sports, tourism, 

education, recruitment, culture, and military. For 200 articles, select 80% of each category as training 

data (1600 articles in total), and the rest (400 articles in total) as test data. This article uses python3.7 

programming, IDE environment is Pycharm, uses stuttering word segmentation to segment the text, 

and uses the Chinese stop vocabulary table of Harbin Institute of Technology for stop word processing. 

The experimental flowchart is shown in Figure 1. 

 

Text 
preprocessing

Feature dimensionality 
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Feature weightbegin
Classifier 

classification
Train the 
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Fig. 1 Text classification experiment flowchart 

 

Feature dimensionality reduction method uses CHI statistics. In each category, the first 1000 words 

are selected as the representative of the category feature items according to the CHI value from large 

to small. In the experimental comparison part, the traditional TF-IDF and the improved TF-IDF are 

used to calculate the feature weights. At the same time, the SVM[6] model and the KNN[7] model 

(where K=8) are used as the classifiers, and the performance indicators of the classifiers on the entire 

test set And the performance indicators in each category are shown in Table 1 and Table 2. 

 

Tab. 1 Classification performance of the traditional and improved TF-IDF methods on the whole 

test dataset 

Models and methods MacroP MacroR MacroF1 

KNN + TF-IDF 0.72 0.91 0.76 

KNN +New TF-DIF 0.79 0.93 0.79 

SVM+TF-IDF 0.90 0.91 0.90 

SVM+New TF-IDF 0.92 0.95 0.93 
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Tab. 2 Classification performance of the traditional and improved TF-IDF methods on each 

category of the test dataset 
Models and methods  car Finance IT health physical education tourism education Recruitment culture military 

KNN+TF-IDF 

P 0.77 0.55 0.66 0.47 0.61 0.83 0.91 0.73 1.00 0.62 

R 0.94 0.96 1.00 1.00 1.00 1.00 0.98 0.97 0.29 1.00 

F1 0.85 0.70 0.79 0.64 0.76 0.91 0.94 0.83 0.45 0.77 

KNN+ New TF-IDF 

P 0.86 0.92 0.58 0.51 0.73 0.88 0.92 0.94 0.83 0.70 

R 1.00 0.96 0.81 1.00 1.00 1.00 1.00 0.97 0.57 1.00 

F1 0.92 0.66 0.68 0.68 0.84 0.93 0.96 0.70 0.67 0.82 

SVM+TF-IDF 

P 0.91 0.87 0.82 0.97 0.97 0.90 0.86 0.84 0.93 0.98 

R 0.83 0.94 0.95 0.80 1.00 1.00 0.97 0.93 0.69 1.00 

F1 0.87 0.90 0.88 0.88 0.99 0.95 0.91 0.88 0.79 0.99 

SVM+New TF-IDF 

P 0.94 0.78 0.85 0.87 0.94 0.97 0.89 0.90 1.00 1.00 

R 1.00 1.00 0.97 1.00 1.00 1.00 0.97 1.00 0.61 1.00 

F1 0.97 0.88 0.90 0.93 0.97 0.99 0.93 0.95 0.75 1.00 

 

As can be seen from Table 1, in the entire test set, the improved TF-IDF algorithm combined with 

the KNN classifier and the SVM classifier's macro average accuracy rate, macro average recall rate 

and macro average F1 value have been improved, among which the F1 value Both increased by 3 

percentage points. It can be seen from Table 2 that the improved TF-IDF feature weight algorithm 

has also improved most of the indicators in each category. Among them, the classification indicators 

of the two categories of health and culture are lower, which may be caused by the intersection of 

feature words. Although the improved feature weight algorithm has adjusted the feature word weights, 

although good results have been achieved, the overall improvement is not large. Since the text 

classification problem involves text representation, similarity calculation and algorithm decision-

making, etc., The improved weighting algorithm does not significantly improve the classification 

effect. 

4. Conclusion 

Aiming at the traditional TF-IDF algorithm that does not consider the distribution of feature words 

between and within classes, this paper combines the distinction between feature words and the 

dispersion within classes to improve the traditional TF-IDF algorithm. We use Based on the Chinese 

data set provided by Sogou, the two algorithms were experimentally analyzed on the two models of 

KNN and SVM. The results show that the algorithm proposed in this paper can effectively improve 

the accuracy of text classification. 
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