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Abstract

To address the phenomenon of positive and negative correlations in mutual in-
formation (MI) feature selection methods and the problem of not considering
term frequency of feature items within different categories, a hybrid mutual
information (HMI) feature selection algorithm is proposed. This algorithm in-
troduces an inverse document frequency coefficient and an inter-class term fre-
quency information coefficient, enabling effective utilization of term frequency
information across the entire document as well as among classes; it also intro-
duces a positive-negative correlation coefficient to distinguish between positive
and negative correlations and effectively utilize them. Experimental compar-
isons demonstrate that the hybrid mutual information algorithm can effectively
improve the quality of feature selection, thereby enhancing the effectiveness of
text sentiment analysis.
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Abstract: The mutual information (MI) feature selection method suffers from
the phenomenon of positive and negative correlation and fails to consider word
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frequency across different categories. To address these issues, this paper pro-
poses a hybrid mutual information feature selection algorithm (HMI). This al-
gorithm introduces an inverse document frequency coefficient and an inter-class
word frequency information coefficient, enabling effective utilization of word
frequency information both globally across the entire document collection and
locally between classes. Additionally, a positive and negative correlation coef-
ficient is introduced to distinguish and effectively leverage both types of corre-
lations. Experimental comparisons demonstrate that the hybrid mutual infor-
mation algorithm can effectively improve the quality of feature selection and
thereby enhance the effectiveness of text sentiment analysis.

Keywords: mutual information; feature selection; positive and negative corre-
lation; word frequency information; sentiment analysis

0 Introduction

With the continuous development of technology and the increasing popularity
of the Internet, the demand for data analysis has grown substantially, accompa-
nied by a surge in reviews about products and services. Consequently, sentiment
analysis of these reviews and evaluations has become a hot research topic [1].
Text sentiment analysis examines the emotional orientation of texts and mines
effective information such as authors’ viewpoints and attitudes [2], which is why
it is also known as opinion mining. Currently, the two main approaches to
text sentiment analysis are sentiment dictionary-based methods and machine
learning-based methods, with the latter being the mainstream approach for sen-
timent classification [3]. In text sentiment analysis, textual data is typically
represented using the Vector Space Model (VSM) [4], which transforms unstruc-
tured text data into structured data that computers can process. In typical
datasets, the number of feature terms can reach tens of thousands, and in larger
datasets, even millions. Therefore, a key challenge in text sentiment analysis
is how to reduce the dimensionality of the feature space while improving the
effectiveness of text sentiment classification [5]. Feature selection has naturally
become a crucial component of text sentiment analysis.

The primary goal of feature selection is to improve classification accuracy by re-
moving noise [6] and selecting high-quality, representative terms. Common fea-
ture selection methods include Chi-square statistic (CHI), document frequency
(DF), information gain (IG), and mutual information (MI). Among these, MI has
become an important feature selection method due to its low time complexity,
ease of understanding, and convenient implementation [7]. However, traditional
MI algorithms produce lower-quality feature terms because they ignore word fre-
quency factors [8]. Moreover, when calculating the mutual information value of
feature terms, they overlook negatively correlated features, causing the values
of negatively correlated features to significantly weaken the overall feature value
and thereby reducing the accuracy of the MI algorithm.
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In summary, to address the shortcomings of the MI algorithm in feature se-
lection, this paper introduces an inverse document frequency coefficient, an
inter-class frequency coefficient, and a positive/negative correlation coefficient,
proposing a hybrid mutual information (HMI) feature selection method. Both
theoretical analysis and experimental results demonstrate that this algorithm
can effectively utilize word frequency information and positive/negative corre-
lation information to improve the quality of feature selection and thus enhance
the accuracy of sentiment classification.

1 Mutual Information Feature Selection Method

Mutual information (MI) is a statistical algorithm commonly used to measure
the degree of association between two statistical variables [9]. In text sentiment
analysis, the MI algorithm is typically employed to calculate the degree of as-
sociation between feature terms in the text and various categories. When the
association between a feature term and a category is stronger, their mutual in-
formation value is larger, indicating that the feature term is more representative
of that category [9]. Let ¢, denote the set of feature terms, where k = 1,2, ..., m,
and let ¢; denote the set of categories in the training set, where j = 1,2,...,r
The mutual information value between ¢, and c; is calculated as follows:

MI(ty, c;) = log 7p(tk’ ) = log Ltucj)
1) =18 G owle,) p(ty)

where p(t,,, cj) represents the probability of texts containing feature t; and be-
longing to category c; in the training set, p(,) represents the probability of texts
containing feature ¢ in the entire training set, p(c;) represents the probability
of texts belonging to category c; in the training set, and p(tk|cj) represents the
probability of texts containing feature ¢, within category c;. For training sets
with multiple categories, the mutual information between feature term ¢, and
all categories in the training set is calculated as:

k)zzp(c MI tk? j Zp s C j log ((k|c>)

The MI algorithm calculates the ratio of the number of texts containing feature
term ¢, to the number of texts in each category c; in the training set. Its most
important characteristic is that it considers the co-occurrence frequency between
different feature terms and a specific category, effectively utilizing text category
information [10]. However, the MI method also has some obvious shortcomings.
For instance, in Equation (2), the differences in frequency counts of each feature
term across different categories are not reflected, nor are the relationships be-
tween frequency counts of texts containing the feature term in the training set
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considered. In text sentiment analysis, the correlation between feature terms
and categories can be divided into positive correlation and negative correlation.
Positively correlated feature terms play a primary role in text sentiment classifi-
cation [11], but negatively correlated features also have an important impact on
the final classification results. As shown in Equation (2), the mutual informa-
tion values of positive and negative correlations cancel each other out, thereby
ignoring the role of negative correlations.

2 Hybrid Mutual Information Algorithm

Based on the above analysis, this section introduces three coefficients to ad-
dress the limitations of traditional MI: an inter-class word frequency informa-
tion coefficient («), an inverse document frequency coefficient (), and a pos-
itive/negative correlation coefficient (). The final hybrid mutual information
(HMI) formula integrates all three coefficients.

2.1 Inter-Class Word Frequency Information Coefficient

In traditional MI feature selection, only the frequency of feature terms within a
class is considered [12]. However, the role of term frequency in text sentiment
analysis is not only reflected within classes but also plays a crucial role between
classes. If a feature term is more representative of a particular class, it should
be concentrated in that class—that is, its term frequency should be relatively
high in that class and appear as little as possible in other classes.

Assume feature term ¢y is a feature of category c;. Then ) should appear as
frequently as possible in category c; and as rarely as possible in other categories
c, (where ¢ # j). In theoretical terms, for feature terms with strong class
representational ability, the standard deviation across different categories should
be as large as possible. Based on this consideration, this paper introduces the
inter-class word frequency information coefficient « on the basis of Equation (2).
The definition of « is as follows:

e o) 1]
“ m;lz;”ltfiak) m]

where tf;(t),) represents the frequency of feature ¢ in category j, and m repre-
sents the total number of categories.

2.2 Inverse Document Frequency Coefficient

The introduction of the inter-class word frequency information coefficient o
reveals that when a feature term is concentrated in the texts of a particular
class, it has strong representational power for that class. However, traditional
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MI methods also ignore the document frequency of feature terms. For example,
words like “he,” “you,” and “is” may appear in many texts, but such words have
low discriminative power for text classification [13]. Therefore, if a feature term
appears in most texts, it means the feature term has weaker ability to distinguish
text categories. To address this issue and increase the discriminative power of
feature terms, this paper introduces the inverse document coeflicient .

The definition of 3 is as follows:

N
b =los 7o

where N represents the total number of documents in the training set, and
f(t;) represents the number of texts containing feature term ¢,. The addition
of 0.01 in the denominator ensures it never becomes zero, guaranteeing the
coefficient’ s validity. In this formula, since N > f(¢;) always holds, when more
texts contain feature term ¢, (i.e., f(t,) is larger), f(t,) approaches N, and
coefficient 8 approaches 0, meaning its impact on the MI value of that feature
term diminishes. By introducing the inverse document frequency coefficient, the
influence of common words as feature terms on the final classification result is
reduced, thereby improving the effectiveness of feature selection.

2.3 Positive/Negative Correlation Coefficient

As shown in Equation (1), when calculating the mutual information value be-
tween feature term ¢, and category c;, if p(t[c;) > p(t;), then MI(t;, c;) > 0,
indicating that feature term ¢, and category c; are positively correlated. This
means that as p(t;|c;) increases and p(t;) decreases, the ability of feature term
t), to represent category c; becomes stronger. Conversely, if p(tk|cj) < p(ty),
then MI(t,,c;) < 0, indicating negative correlation between feature term ¢,
and category c;. This means that as p(ty|c;) decreases and p(t,) increases, the
amount of information between feature term ¢, and category c; decreases, and

the representational ability of ¢, for ¢; becomes weaker.

As seen in Equation (2), the negatively correlated portion of a feature term’ s
value weakens its final MI value when calculating the MI value for the category
set. In text sentiment classification, positively correlated features help improve
final accuracy, while negatively correlated features help improve final recall [14].
Therefore, the role of negatively correlated features cannot be ignored [15]. To
address this phenomenon, this paper introduces the positive/negative correla-
tion coefficient v to adjust the positive/negative correlation issue in the MI
method.

In category ¢; (j =1,2,...,7), we first define:

flty) = %zr:fj(tk)
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which represents the average number of texts containing feature term ¢, across
all categories, where f;(t;) represents the number of texts in category c; that
contain feature term t;.

When p(t;|c;) > p(t;) (positive correlation), v is defined as:

fj(tkz — f(ty)
f(ty)

v =w X

When p(t,|c;) < p(t;) (negative correlation), v is defined as:

(1) x filty) — f(t)
1= Fty)

where w is a WHEF (regulation factor) with a theoretical range of 0.1~0.9, used

to adjust the influence of positively and negatively correlated features, ensuring

that both types of features fully contribute to the final sentiment classification.

In the coefficient 7, when a feature term is negatively correlated with a category,
I (t)—£(

the term T)tk) effectively handles cases where the feature term appears less
k

frequently in that class.

2.4 Final HMI Formula

In summary, the definition of Hybrid Mutual Information (HMI) is as follows:

P(tgle))

HMI(t,) = a x 8 x ny x p(ty|c;) log )
-1

=
The HMI algorithm pseudocode is as follows:

. for each document dj D do

for each word tk dj do

// Calculate term frequency

end for
end for
for each category Cj C do

// Calculate category statistics
end for
for each document dj D do
10. // Calculate document-level features

© 00 NO O WN -

11. end for

12. for each document dj Cj do

13. // Calculate category-level features
14. end for

15. for each document dj D do
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16. if word dj then

17. // Update word counts
18. end if
19. end for

20. for each document dj D do
21. // Calculate final statistics
22. end for

23. = sqrt(square(tc - (sum(tk)/Ck))/Ck)
24. = log[N/(count + 0.01)]

25. if (dk/Dj) >= (count/N) then

26. = x [(dk - count/Ck)/(count/Ck)]
27. else

28. = (1-) x [(dk - count/Ck)/(count/Ck)]
29. end if

3 Experiments
3.1 Experimental Datasets

This study employs two datasets for experiments: the Tan Songbo hotel manage-
ment review corpus and the Midea air conditioner review corpus. Each corpus
contains 4,000 review comments, divided into two categories: positive and nega-
tive reviews, with 2,000 positive (pos) reviews and 2,000 negative (neg) reviews.
To verify the effectiveness of the algorithm, cross-validation is adopted, with
80% of the corpus data used as the training set and the remaining 20% as the
test set. shows examples from the training set used in this study, while shows
examples from the test set.

3.2 Evaluation Metrics

In text sentiment analysis, commonly used evaluation metrics include precision
(also called accuracy), recall (also called sensitivity), and the Fl-score, which
combines precision and recall. This paper employs these three metrics to evalu-
ate experimental results. The classification outcomes in text sentiment analysis
can be categorized into four situations, as shown in .

lists the actual and predicted results for the test set examples from . In the table,
TP refers to the number of texts predicted as positive that are actually positive,
as shown by example S4 in ; FP refers to the number of texts predicted as
positive but actually negative, as shown by example S6; FN refers to the number
of texts predicted as negative but actually positive, as shown by example S5;
and TN refers to the number of texts predicted as negative that are actually
negative, as shown by example S7.

The definitions of precision and recall are as follows:
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Precisio TP
recision = ———————
S TP + FP
TP
Recall = ———
A = TP L FN

The F1-score combines precision and recall:

Fl— 2 x Precision x Recall

Precision + Recall

3.3 Experimental Procedure
The experimental steps are as follows:

a) Data Preprocessing: The corpus is annotated, with positive and nega-
tive corpora merged into a single document for segmentation. This study
uses the commonly used jieba Chinese word segmentation tool. The seg-
mented results for the training set examples in are shown in .

b) Stopword Removal: Stopwords, punctuation marks, and other factors
irrelevant to text sentiment classification are removed. The results after
stopword removal for the training set examples are shown in .

c) Feature Selection: Three feature selection methods are applied: Mu-
tual Information (MI), Hybrid Mutual Information (HMI), and Chi-square
statistic (CHI).

d) Feature Representation: The Bag-of-Words (BOW) model is used to
represent features, and the Vector Space Model (VSM) converts text data
into structured data.

e) Classification: The Support Vector Machine (SVM) classifier is adopted
for training and testing due to its simple structure and global optimality,
making it a mainstream classifier in text sentiment analysis. The three
feature selection methods are compared and analyzed.

The overall experimental flow is illustrated in [Figure 1: see original paper].

3.4 Results and Analysis

This study conducts comparative experiments using three different feature se-
lection methods: CHI, MI, and the proposed HMI. The BOW model is used for
feature representation, and precision, recall, and F1-score are calculated at di-
mensions of 2000, 3000, 4000, 5000, 6000, 7000, 8000, and 9000. Since positively
correlated features play a primary role, the regulation factor w in Equation (8)
is tested with values of 0.5, 0.6, 0.7, 0.8, and 0.9. Through multiple comparative
experiments, w = 0.8 yields the best results.
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through show the precision, recall, and F1-score comparisons for the hotel man-
agement review dataset across different dimensions. The results indicate that
HMI significantly outperforms the other two methods across all three metrics.
Specifically, precision improves by 5% over MI and 11% over CHI; recall im-
proves by 9% over both MI and CHI; and F1-score improves by 6% over MI and
9% over CHI. These results demonstrate that HMI effectively enhances text
sentiment classification performance.

through show the corresponding comparisons for the Midea air conditioner re-
view dataset. Again, HMI significantly outperforms MI and CHI across all
metrics: precision improves by 12% over MI and 11% over CHI; recall improves
by 12% over MI and 6% over CHI; and F1-score improves by 8% over MI and 9%
over CHI. These results confirm that HMI consistently improves text sentiment
classification across different datasets.

To visualize the performance changes across different feature dimensions, [Figure
2: see original paper| through [Figure 4: see original paper| present line charts
for the hotel management review dataset, while [Figure 5: see original paper]
through [Figure 7: see original paper] present corresponding charts for the Midea
air conditioner review dataset.

As shown in [Figure 2: see original paper] through [Figure 4: see original paper],
the performance of MI and CHI begins to stabilize at around 7000 dimensions,
whereas HMI maintains consistent performance across all dimensions, consis-
tently outperforming the other two algorithms. Similarly, [Figure 5: see original
paper] through [Figure 7: see original paper| show that while all three algorithms
exhibit upward trends in precision and recall, HMI consistently achieves superior
overall performance with better stability in F1-score across dimensions.

In conclusion, the HMI algorithm achieves significantly higher precision, recall,
and Fl-score compared to MI and CHI methods, while demonstrating strong
stability across different feature dimensions. Therefore, the HMI feature selec-
tion algorithm can effectively improve feature selection quality and enhance text
sentiment classification performance.

4 Conclusion

This paper proposes a Hybrid Mutual Information (HMI) feature selection al-
gorithm to address the issues of positive/negative correlation phenomena and
the neglect of word frequency information in traditional MI-based feature se-
lection methods. By introducing inverse document frequency, inter-class word
frequency, and positive/negative correlation indicators, the algorithm effectively
utilizes word frequency information within the MI framework and appropriately
leverages the important roles of both positive and negative correlations. Ex-
perimental results demonstrate that the HMI method significantly outperforms
other feature selection methods and achieves promising results in text sentiment
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