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An improvement of TFIDF weighting in text categorization
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Abstract. A main problem in text categorization is how to improve the classification accuracy. In this
paper, in order to improve the accuracy, we propose a new weighting method named TF-IDF-CF based on
TF-IDF which is a widely used weighting method in text categorization. From the experiment results, we can
see this method can achieve very good results.
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1. Introduction
With the rapid growth of online information, how to process tons of text efficiently becomes a hot
research topic, text categorization is one of the key tasks among them. Text categorization is to assign new
documents to pre-existing category, and it has been widely used in many areas like information retrieve,
email classification, junk email filtering, topic spotting.
In recent years, most research has been focused on finding new categorization algorithms, little research
has been done on improvement of document representation models, which comes from information retrieval.
There’re 3 traditional models: vector space model[1], probabilistic model, inference network model, vector
space model is the most widely used model among them.
In vector space model, feature is represented as weighting using numbers, there’re some common used
weighting methods, such as Boolean weighting, frequency weighting, TF-IDF weighting, TFC weighting[2],
LTC[9] weighting, entropy weighting, TF-IDF weighting is the most widely used one among them.
In this paper, we propose an improvement of TF-IDF weighting on vector space model, TF-IDF
considers both the term frequency and inverse document frequency, in this method, if the term frequency is
high and the term only appears in a little part of documents, then this term has a very good differentiate
ability, this approach emphasizes the ability to differentiate different classes more, whereas it ignores the fact
that the term that frequently appears in the documents belonging to the same class, can represent the
characteristic of that class more. So we introduce a new parameter to represent the in-class characteristic, and
then we conducted some experiments to compare the effects, the result tells us this improvement has better
accuracy.

2. Text Categorization Steps
Generally, text categorization often includes 5 main steps: document preprocessing, document
representation, dimension reduction, model training, testing and evaluation[3].

2.1. Document Preprocessing
In this step, we remove html tags, rare words, stopping words, and may need to do some stemming, this
is simple in English, but difficult in chinese, japanese and some other languages.
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2.2. Document Representation
Before doing classification, we need to transform the documents into a format that computer can
recognize, vector space model(VSM) is most commonly used method. This model takes the document as a
multi-dimension vector, and the feature selected from the dataset as a dimension of this vector.

2.3. Dimension Reduction
Because in documents, there’re tens of thousands of words, if we choose all of them as features, then it’ll
be infeasible to do the classification, as the computer can’t process such amount of data. So we need to select
those most meaningful and representative features for classification, the most commonly used selection
methods contains CHI square statistics[4], information gain, mutual information, document frequency, latent
semantic analysis.

2.4. Model Training
This is the most important part of text categorization. It includes choosing some documents from corpus
to comprise the training set, performs the learning on the training set, and then generates the model.

2.5. Testing and Evaluation
This step uses the model generated from step 4, and performs the classification on the testing set, then
chooses appropriate index to do evaluations.

3. TF-IDF
In vector space model, TF-IDF is a widely used weighting method, which was firstly introduced from
information retrieval. TF-IDF[5,6](Term Frequency-inverse Document Frequency), puts weighting to a term
based on its inverse document frequency. It means that if the more documents a term appears, the less
important that term will be, and the weighting will be less. It can be depicted as this:

aij = tfij * log(

N
nj

)

(1)

In formula (1), tfij represents the term frequency of term j in document i , N represents the total
number of documents in the dataset, nj represents the number of documents that term i appears.
When N equals nj , then aij becomes zero, this often appears in small dataset, so we need to apply some
smoothing[7] techniques to improve formula (1) as following:

aij = log(tfij + 1.0) *log(

N + 1.0
)
nj

(2)

4. TF-IDF-CF
Regarding the shortcomings TF-IDF has, we introduce a new parameter to represent the in-class
characteristics, and we call this class frequency, which calculates the term frequency in documents within
one class. Then we rename this new weighting method to TF-IDF-CF, its formula is based on (2):

N + 1.0 ncij
(3)
)*
Nci
nj
ncij represents the number of documents where term j appears within the same class c document
i belongs to, Nci represents the number of documents within the same class c document i belongs to.
aij = log(tfij + 1.0) *log(

5. Experiment and Analysis
In the experiment, we choose to use the commonly used datasets Reuters-21578 and 20newsgroup.
Before proceeding, we conduct some preprocessing like removing html tags, filtering invalid characters,
removing stopping words, and then lower all words. After this processing, for Reuters-21578, we choose
6088 training samples, 2800 testing samples, and 59 classes. For 20newsgroup, we choose 8000 training
samples, 2000 testing samples, and 20 classes. Then we use CHI square statistics feature selection method to
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select 1000 features, and then we conduct the experiments using TF-IDF, TF-IDF-CF, LTC, TFC weighing
method separately on some commonly used classifiers[8] Naïve Bayes, Bayes Network, KNN, SVM. After
the experiment, we compare result of TF-IDF-CF with TF-IDF, LTC, TFC.

5.1. CHI square statistics

CHI square statistics[4] is a very useful feature selection method in text categorization, it can measure
the correlation between feature and class. Let A be the times both feature t and class c exists, B be the times
feature t exists, but class c doesn’t exist, C be the times feature t doesn’t exist, but class c exists, D be the
times both feature t and class c doesn’t exist, N be the total number of the training samples. Then CHI
square statistics can be depicted as:

χ 2 (t , c) =

N *( AD − BC ) 2
( A + C ) *( B + D) *( A + B ) *(C + D )

(4)

5.2. TFC and LTC
TF-IDF doesn’t consider the effect of the length of different documents on weighting, in order to include
such effect, TFC[2] is proposed and it’s actually the normalization of formula (1).

N
)
nj
M
N
tfip*log( )
∑
nj
p=1
tfij*log(

aij=

(5)

LTC[9] is a different format of TF-IDF, it considers the limit of small datasets, and it’s actually the
normalization of formula (2).

N
)
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M
N
[log(tfip + 1.0) *log( )]2
∑
np
p =1
log(tfij + 1.0) *log(

aij =

(6)

5.3. Experiment
Based on the two datasets, we use CHI square statistics method to select 1000 features, then we conduct
the experiments on a well known data mining tool named WEKA using some common used algorithms like
Naïve Bayes, Bayes Network, KNN, SVM, we only consider classification accuracy when comparing the
result:
Table 1 Results

Weighting
Method

Naïve Bayes

Bayes Network

KNN

SVM

Reuters

20news

Reuters 20news Reuters 20news Reuters 20news

TFC

67.1%

62.3%

72.2%

67.8%

70.7%

58.9%

81.3%

63.8%

LTC

62.9%

61.8%

74.7%

63.4%

71.2%

53.1%

83.1%

67.2%

TF-IDF

61.6%

61.9%

76.9%

65.3%

72.8%

55.3%

84.7%

69.1%

TF-IDF-CF

88.6%

77.1%

91.4%

77.7%

81.4%

64.9%

92.8%

78.7%

5.4. Analysis
From experiment results on Table 1, we can see our improved TF-IDF-CF weighting method has the best
precision in both Reuters-21578 and 20newsgroup, and the precision has greatly increased compared with
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original TF-IDF weighting method. Although TFC and LTC have better results than TF-IDF on some
classifiers like Naïve Bayes, it’s not very meaningful like TF-IDF, so they’re not usually used to calculate
weighting. The reason why our new method increases the precision greatly is TF-IDF only emphasizes the
ability to differentiate the different classes, but undervalues the ability to represent the class itself. The more
one term appears in the documents of one class, the more important that term will be to represent that class.
From the theory and experiment, we can see this improvement can achieve a better accuracy.

6. Conclusion
Text categorization is a hot research topic in current information retrieval, and is an important branch of
data mining and information retrieval. How to improve the classification accuracy is an important topic in
text categorization, in order to solve this problem, much research has been done to find new classifiers which
will improve the accuracy, whereas this paper tries to improve the accuracy by proposing an improvement on
TF-IDF weighting method. From the experiments, we can see this improvement increases the accuracy
significantly, therefore we think this improvement is promising.
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