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Abstract

Feature selection and feature weight calculation are two critical components in
the text classification process that exert a decisive influence on classification
outcomes. To address the limitations of the traditional CHI statistical method,
including cases where feature term frequency is negatively correlated with cat-
egories and issues concerning the probability of a feature term’ s presence in a
specific document, this study introduces improvements by incorporating crucial
factors such as negative correlation determination and frequency. Furthermore,
the TF-IDF algorithm is optimized through integration with semantic similarity
computation methods. Experiments conducted on the WEKA platform utiliz-
ing KNN (K-nearest neighbor) and Support Vector Machine (SVM) classifiers
for microblog sentiment corpus classification demonstrate that the proposed
approach yields significant improvements in text classification accuracy.
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Abstract: Feature selection and feature weight calculation are two crucial steps
in the text classification process that play a key role in determining classification
outcomes. To address the limitations of traditional CHI statistical methods—
specifically the negative correlation between feature term frequency and cate-
gory, and the probability issues of feature terms occurring within specific texts
—this paper introduces important factors such as negative correlation judgment
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and frequency to improve the traditional CHI statistical method. Addition-
ally, the TF-IDF algorithm is optimized by incorporating semantic similarity
calculation methods. Experiments conducted on Weibo sentiment corpora us-
ing K-nearest neighbor (KNN) and support vector machine (SVM) classifiers in
WEKA software demonstrate that the proposed method significantly improves
text classification accuracy.

Key words: text categorization; CHI statistics; TF-IDF algorithm; feature
selection

0 Introduction

With the rapid advancement of the Internet, electronic information has exploded
in volume, raising the critical question of how to manage vast amounts of infor-
mation in a systematic, effective, and organized manner. As a key technology
for processing and organizing large-scale data, text classification can largely
resolve information disorder, enabling users to quickly obtain valuable infor-
mation from massive datasets. Consequently, it finds widespread applications
in public opinion control, information security, collaborative filtering, product
recommendation, and other domains.

Two primary factors influence the final results of text classification: feature selec-
tion and feature weight calculation methods. Feature selection involves choosing
a subset of valuable terms from a large vocabulary to optimize classification out-
comes, while feature weight calculation methods assign weights to feature terms
based on statistical analysis, measuring the importance of a particular feature
term within a text.

In recent research, Guo Zhengbin optimized the text vector space model through
weight and dimensionality adjustments, proposing a novel optimization method
for text classification that achieves the goal of vector space optimization. Zhou
Qingping combined an improved X2 statistical method with clustering, followed
by classification using an improved KNN algorithm, thereby enhancing classifi-
cation effectiveness. Xu Ming conducted relevant research on feature selection
for microblogging, proposing a new chi-square statistical algorithm that demon-
strated improved accuracy for microblog information classification when tested
with KNN and SVM classifiers.

Among the most commonly used feature selection methods in text classification
is the CHI statistical method. However, traditional CHI statistics suffer from
two significant shortcomings: first, they exhibit a negative correlation between
feature term frequency and category, and tend to select features with relatively
low occurrence rates in texts—most of which have weak or no connection to cat-
egories; second, they fail to consider the probability of a feature term occurring
within a specific text, only accounting for its occurrence across all texts. If
a feature term appears concentratedly in most texts of a certain category but
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rarely in a few texts of that category, the CHI value may be high, whereas the
opposite scenario may yield a low CHI value.

To address these issues, this paper removes cases of negative correlation be-
tween feature term frequency and category through positive/negative judgment,
introduces important factors such as frequency to improve the traditional CHI
statistical method, and incorporates a feature extraction factor . By combining
semantic similarity calculation methods with the traditional TF-IDF algorithm,
the importance of feature terms within category texts is enhanced, dimension-
ality is reduced, and ultimately, text classification accuracy is improved.

1 CHI Statistical Method

The CHI statistical method measures the correlation between feature term w
and category c using a contingency table .

In the table, A represents the number of texts belonging to category K that
contain feature term w; B represents the number of texts not belonging to
category K but containing feature term w; C represents the number of texts
belonging to category K but not containing feature term w; and D represents
the number of texts neither belonging to category K nor containing feature term
w. The CHI value is calculated as:

N(AD — BC)?
A+ B)(A+C)(B+ D)(C+ D)

2(w, c) =
X (w, c) (

where N=A + B+ C + D.

When the CHI value equals 0, it indicates no relationship between feature term w
and category c; when the CHI value is larger, it indicates a stronger relationship
between them.

Existing research identifies two deficiencies in traditional CHI statistics:

a) Traditional CHI statistical methods exhibit a negative correlation between
feature term occurrence frequency and category, and tend to select features
with relatively low occurrence proportions in texts. The majority of such
features have weak or no connection to categories, with only individual
feature words having strong category associations.

b) Traditional CHI statistical methods fail to consider the probability of a
feature term occurring within a specific text, only accounting for its occur-
rence probability across all texts. If a feature term appears concentratedly
in most texts of a certain category but rarely appears in a few texts of
that category, the CHI value may be high; conversely, the CHI value may
be low.
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2 Improved CHI Statistical Method
Feature terms and text categories exhibit two types of relationships:

a) When the value of AD - BC is greater than 0 (positive), it indicates
a positive correlation between feature term frequency and category. The
larger the positive value, the larger its square, and consequently, the larger
the CHI value. Therefore, such terms can serve as features for selection.

b) When the value of AD - BC is less than 0 (negative), it indicates a negative
correlation between feature term frequency and category. The smaller the
negative value, the larger its square, and consequently, the larger the CHI
value. Therefore, such terms cannot serve as features for selection.

The traditional CHI statistical formula shows that if the problem of negative
correlation between feature term frequency and category remains unresolved,
this negative correlation will ultimately affect the CHI value, thereby influenc-
ing feature selection results and consequently impacting text classification accu-
racy. Therefore, this paper addresses this issue by removing cases of negative
correlation between feature term frequency and category. The improved formula
is:

2
(w, ) = { (A+B)(JY4(fC?)(BBfD))(C+D) if AD—BC >0
0 if AD—BC <0
Since traditional CHI statistics do not consider the number of times a feature
term occurs within a specific text, only counting its occurrence across all texts,
and literature [9] indicates that the key to feature selection lies in the uniform
distribution of feature terms within texts of a certain category, this paper in-
troduces frequency , concentration , and dispersion into the traditional CHI
formula.

Assuming the training set contains texts d_{j1},-,d_{jk},",d_{jm} belonging
to category C_{j}, where tf {jk} represents the frequency of feature term w
in text d_{jk} (1 %k m), m represents the total number of texts in a category,
df {j} represents the number of texts in class C_{j} containing feature term
w, and n represents the total number of text categories.

a) Frequency refers to the proportion of times a feature term appears in
texts of a certain category relative to the total number of texts in that
category. The frequency of feature term w in category C'_ {j} is expressed
as:

m
o — Zk:l tf]k
m

b) Concentration refers to the proportion of texts containing a particular
feature term within a certain category relative to the total number of
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texts containing that feature term. The concentration of feature term w
in category C_{j} is expressed as:

n
Zj:l df]
¢) Dispersion refers to the proportion of texts containing a particular fea-

ture term within a certain category relative to the total number of texts
in that category. The dispersion is expressed as:

8=

Based on these definitions, the more frequently a feature term w appears con-
centratedly in most texts of a category, the higher its frequency, concentration,
and dispersion, and the greater its contribution to text classification results.
Therefore, building upon formula (2), we introduce frequency, concentration,
and dispersion to obtain:

(A+B)(A+C)(B+D)(C+D

) N(AD—BC)? xaxpBx~y if AD—BC >0
X2 (w,c) = )
0 if AD— BC <0

3 Traditional TF-IDF Algorithm and Its Improvement
3.1 Traditional TF-IDF Algorithm

TF-IDF is commonly used to measure the importance of a word or term in a
corpus. The TF-IDF algorithm was first proposed by Jones [10] and is essentially
the product of TF (Term Frequency) and IDF (Inverse Document Frequency).

TF (Term Frequency) measures the frequency of a feature term in a text:

where m represents the number of times the feature term appears in text 4, and
M represents the total number of terms in text i.

IDF (Inverse Document Frequency) measures the discriminative power of a fea-
ture term:

N
1DF:bg(—+00Q
n

where N is the total number of texts, and n is the total number of texts con-
taining a particular feature term.
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The TF-IDF feature extraction function is:

N
W,; =TF;; x log < + 0.0l)

nw

where W__{ij} represents the weight of the feature term, tf_ {ij} represents
the frequency of a feature term in a particular text, and n_ {ij} represents the
number of texts containing a particular feature term.

The normalized traditional TF-IDF formula is:

N
" tf,; % log (2 +0.01)

" \/Zj”_’l [tfij % log (n—NJ +0.o1)}2

3.2 Optimized TF-IDF Algorithm

When using the traditional normalized TF-IDF algorithm to assign weights to
feature terms, only the distribution of feature terms within texts is considered,
without accounting for the presence of synonyms. The similarity between words
is ignored. If this algorithm is used for weight assignment, this characteristic
of texts is overlooked. Literature [11] proposes a method for calculating word
similarity. Through analysis of knowledge language, we understand that the
data structure of knowledge language can be expressed using sets, sememes,
and feature structures. Semantic similarity calculation adopts the algorithm
from “HowNet” to determine similarity, with the system-set value of being 0.8.
This algorithm improves the accuracy of word similarity calculation.

To address the issue of synonyms appearing for feature words in texts, this pa-
per applies semantic similarity calculation to the traditional TF-IDF algorithm,
thereby increasing the weight of feature terms in texts and making these feature
terms more representative. To this end, we propose a feature extraction factor ,
which represents the ratio of the number of a particular feature term appearing
in a text plus the number of feature terms with similarity greater than to the
total number of feature terms. The value of directly affects the importance of
feature terms in texts. Its definition formula is:

a+b
c

where a represents the number of feature terms ¢_{ij} existing in text ¢, b
represents the number of feature terms with similarity greater than to feature
term ¢_{ij}, and c represents the total number of feature terms.

To improve the accuracy of feature term weights, this paper introduces the
feature extraction factor based on semantic similarity calculation to optimize
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the traditional normalized TF-IDF algorithm, achieving a combination of form
and semantics. The definition formula is:

tf,; x log (% + 0.01) X €
Wi =

j_>¢2$:[wbxkg<gj+0m>xar

where W__{ij} represents the weight of the feature term, N represents the total
number of category texts, and n_{ij} represents the average of the number of
texts containing a particular feature term and the number of texts containing
feature terms with similarity greater than to that feature term.

4 Experiments
4.1 Experimental Data and Environment

This paper uses microblog text as experimental data. Compared with tradi-
tional web text, microblog text is shorter, with strict constraints on length (lim-
ited to 140 characters), and exhibits characteristics of randomness, real-time
nature, and uncontrollability [12]. The experiment employed 4,000 Sina Weibo
corpora for data analysis. The computer system was Windows 7, using Python
programming technology and the Weka 3.6 data mining open-source tool for
experimental result comparison. Both KNN and SVM classifiers were used for
data testing and analysis in the experiments.

4.2 Evaluation Indicators

Assuming in the classification results for categories, X represents the number
of texts where a feature term is correctly classified into a particular category,
Y represents the number of texts where a feature term is incorrectly classified
into a particular category, and Z represents the number of texts where a feature
term is missed from classification. The specific formulas are as follows:

Recall:

X
R = X1z x 100%
Precision:
P= X x 100%
T X+Y 0
F-value: 9% P xR
x P x
F = 1
P x 100%
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4.3 Experiments and Results

Experiment 1: Microblog sentiment was divided into two aspects: positive
sentiment and negative sentiment. Under the same feature dimensions, we com-
pared the performance of three methods—the TF-IDF algorithm combined with
improved CHI statistics, traditional CHI statistics, and improved CHI statistics
—using the KNN classifier. The experimental results are shown in Table 2 .

Table 2 Comparison of Three Methods Under 500-Dimensional KINN
Classifier

As shown in the table, under the same feature dimensions with the KNN classi-
fier, and comparing positive and negative sentiment in microblogs across three
metrics—recall R, precision P, and F-value F—the TF-IDF algorithm combined
with improved CHI statistics demonstrates improvements over both traditional
CHI statistics and improved CHI statistics across all three indicators. The aver-
age precision of the TF-IDF algorithm combined with improved CHI statistics
is 1.3 percentage points higher than that of traditional CHI statistics, indicat-
ing that the proposed method improves the accuracy of microblog sentiment
classification.

Experiment 2: We compared the performance of three methods—the IF-IDF
algorithm combined with improved CHI statistics, traditional CHI statistics,
and improved CHI statistics—under different dimensions using the KNN classi-
fier, specifically comparing their precision. The experimental results are shown
in Table 3 .

Table 3 Comparison of Three Methods Under Different Dimensions
with KNN Classifier

As shown in Figure 1 [Figure 1: see original paper], regardless of the feature di-
mension used with the KNN classifier, the TF-IDF algorithm combined with
improved CHI statistics achieves more notable classification performance in
terms of precision P compared to traditional CHI statistics and improved CHI
statistics, with particularly significant accuracy improvements at 200 and 600
dimensional features.

Experiment 3: We compared the performance of traditional CHI statistics,
improved CHI statistics, and the TF_IDF algorithm combined with improved
CHI statistics across dimensions of 200, 400, 600, 800, and 1000 using both
KNN and SVM classifiers. The experimental results are shown in Table 4 .

Table 4 Comparison of Three Methods Under Different Dimensions
with SVM Classifier

Comparing the results in Figure 2 [Figure 2: see original paper] with those in
Figure 1 [Figure 1: see original paper] reveals that under the same dimensions,
the TF-IDF algorithm combined with improved CHI statistics achieves better
classification performance with the SVM classifier than with the KNN classifier.
This result is consistent with other microblog research findings.
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4.4 Experimental Result Analysis

This paper primarily investigates the optimization of the TF-IDF algorithm
combined with improved CHI statistics. By improving the traditional CHI sta-
tistical method and combining it with the traditional TF-IDF algorithm that
incorporates semantic similarity, optimization is achieved. The experimental
results show:

As shown in Table 1, under 500 dimensions with the KNN classifier, the im-
proved CHI statistical method achieves an average precision 0.6 percentage
points higher than traditional CHI statistics, while the TF-IDF algorithm com-
bined with improved CHI statistics proposed in this paper achieves an average
precision 1.3 percentage points higher than traditional CHI statistics.

In Table 2, under 400 dimensions, the accuracy improvement of the IF-IDF
algorithm combined with improved CHI statistics is relatively small, possibly
due to the influence of synonyms for certain words. At 600 dimensions, accuracy
improves again.

Comparing the experimental results from Tables 2 and 3 shows that under
the same dimensional features, using the TF-IDF algorithm combined with im-
proved CHI statistics with the SVM classifier yields more favorable classification
results than with the KNN classifier, indicating that the SVM classifier is more
suitable for the proposed method, ultimately achieving the goal of improving
microblog sentiment classification accuracy.

5 Conclusion

Through research and experimentation on text classification technology, this pa-
per proposes an optimization of the TF-IDF algorithm combined with improved
CHI statistics. First, the traditional CHI statistical method is improved to ad-
dress the problem of negative correlation between feature term frequency and
category, as well as the probability of a feature term occurring within a specific
text. This is then combined with the TF-IDF algorithm optimized with seman-
tic similarity calculation, thereby enhancing the importance of feature terms in
texts, achieving dimensionality reduction, and ultimately improving text clas-
sification accuracy. Experimental result analysis demonstrates that selecting
the TF-IDF algorithm combined with improved CHI statistics for classification
under the SVM classifier achieves good classification performance and improves
classification accuracy.
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