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Abstract

Conducting sentiment orientation analysis on large-scale emotion-rich text con-
stitutes an urgent challenge in contemporary web applications. Building upon
an analysis of the current state of sentiment orientation analysis research do-
mestically and internationally, this paper introduces the corpus and experimen-
tal platform we have constructed for Chinese sentiment orientation analysis,
then focuses on presenting our work, including key technologies in whole-text
sentiment orientation analysis, domain-specific sentiment lexicon construction,
cross-domain sentiment orientation analysis, and other related aspects, thereby
enhancing the accuracy of text sentiment orientation analysis from multiple per-
spectives. Finally, we summarize our completed work and outline the directions
for our future research endeavors.

Full Text

Preamble
Advances in Chinese Sentiment Orientation Analysis Research
Wu Qiong, Tan Songbo, Cheng Xueqi

Abstract: How to conduct orientation analysis on large-scale text rich in sen-
timent information represents an urgent challenge for current web applications.
This paper analyzes the current state of sentiment orientation analysis research
both domestically and internationally, introduces the corpus and experimental
platform we have constructed for Chinese sentiment orientation analysis, and
then focuses on our contributions, including key technologies for document-level
sentiment analysis, domain sentiment lexicon construction, and cross-domain
sentiment orientation analysis, thereby improving text orientation analysis ac-
curacy from multiple perspectives. Finally, we summarize our completed work
and outline directions for future research.
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1 Introduction

In recent years, as the Internet’ s influence in modern society has expanded
rapidly, online communication platforms such as forums and blogs have contin-
uously emerged, and people have become increasingly accustomed to expressing
subjective opinions online. These expressions convey viewpoints and perspec-
tives on daily events, products, policies, and other topics, creating vast amounts
of sentiment-oriented text on the web. Unlike traditional structured data, these
texts primarily appear in unstructured or semi-structured comment formats.
Faced with such massive volumes of sentiment-rich text, manual processing
would be impractical due to long processing cycles and high costs. Consequently,
enabling computers to automatically and rapidly extract required sentiment in-
formation from large-scale text for attitude analysis has become an important
research topic.

Sentiment orientation is a broad concept encompassing people’ s opinions, view-
points, and evaluations, including assessments of human behavior relative to
social standards, and evaluations of products against national and industry
mandatory standards, user preferences, and aesthetic criteria. Text sentiment
orientation comprises both the direction (positive or negative) and intensity of
sentiment reflected in the text. The goal of sentiment orientation analysis is to
identify subjective information such as positions, opinions, perspectives, emo-
tions, likes, and dislikes within text, thereby determining the overall attitude (or
sentiment orientation) expressed in a document. Sentiment is typically catego-
rized into two classes (positive and negative) or three classes (positive, negative,
and neutral). The positive class indicates a positive (supportive, healthy) at-
titude toward the subject; the negative class indicates a negative (opposing,
unhealthy) attitude; and the neutral class indicates a neutral stance.

Current research predominantly focuses on binary classification. Sentiment ori-
entation analysis differs from traditional text classification, which categorizes
documents by topic (e.g., culture, sports, economics) and operates at a relatively
shallow level of content analysis and understanding. Sentiment orientation anal-
ysis, by contrast, focuses on non-topic analysis—identifying the emotions and
attitudes expressed rather than the content itself. It represents a deeper exten-
sion of traditional text classification research, satisfying people’ s needs for more
profound information acquisition and utilization [1-3, 21-26].

The informal nature of online text content and format makes sentiment orien-
tation analysis extremely challenging, involving artificial intelligence, machine
learning, information extraction, information retrieval, data mining, natural lan-
guage processing, computational linguistics, corpus linguistics, ontology, statis-
tics, and other fields. This research not only requires cutting-edge technologies
from these domains but also presents new challenges that drive their develop-
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ment, making it scientifically significant.

Simultaneously, text orientation analysis has broad applications in social opinion
monitoring, product online tracking and quality evaluation, film and television
reviews, blog reputation assessment, news commentary, event analysis, stock
reviews, book recommendations, business intelligence systems, and customer
relationship management (CRM), holding substantial importance for socioeco-
nomic development and people’ s daily lives [1]. Specific applications include:

¢ Social Opinion Monitoring: Public opinion refers to citizens’ socio-
political attitudes toward events and parties involved, encompassing be-
liefs, attitudes, opinions, and emotions regarding social phenomena and
issues. Due to its openness and virtual nature, the Internet has become
a crucial channel for public expression. Sentiment analysis technology
enables more timely understanding of online public opinion, facilitating
better interaction between popular and official wisdom.

¢ Blog Reputation Evaluation and Spam Blog Filtering: Interactiv-
ity is a key feature of blogs. Numerous netizens use blogs to express view-
points and comment on others’ perspectives, with readers often judging
blog authors’ reputations based on comment information. Sentiment anal-
ysis can mine readers’ positive and negative opinions about blog authors
to determine reputation scores. Additionally, it can filter blogs primarily
containing spam information such as advertisements.

¢ Product Evaluation and Recommendation: Manufacturers hope to
track user feedback for targeted product improvements, while potential
consumers seek authentic online evaluation information to inform purchase
decisions. However, with rapidly growing review volumes, both parties
need automated processing methods. Sentiment analysis technology can
organize and classify product review opinions, helping people understand
products and cultivate potential consumer groups.

e Film and Television Reviews: Reviews bridge films and audiences,
crucial for realizing artistic, social, and economic values. They analyze
themes, cinematography, plot, characters, acting techniques, visuals, mu-
sic, costume design, and color usage. Sentiment analysis technology can
automatically classify film reviews, enabling users to quickly browse posi-
tive and negative opinions and reducing viewing 581%.

In summary, sentiment orientation analysis research possesses profound theo-
retical value and broad application prospects, capable of generating substantial
social and economic benefits.

This paper addresses existing problems in text orientation analysis methods.
After analyzing current domestic and international research, we introduce our
constructed corpus and experimental platform, then focus on our contributions,
including key technologies for document-level sentiment analysis, domain sen-
timent lexicon construction, and cross-domain sentiment orientation analysis,
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thereby improving analysis accuracy from multiple perspectives. Finally, we
summarize completed work and outline future research directions.

Section 2 overviews domestic and international research status. Section 3 intro-
duces our corpus and experimental platform. Sections 4-6 detail our research:
supervised learning-based sentiment analysis, domain sentiment lexicon con-
struction, and cross-domain sentiment orientation analysis. Section 7 concludes
and discusses future work.

2 Research Status

Sentiment orientation analysis research has a relatively short history, traceable
to the 1990s, but has advanced rapidly since 2000. It has become a hot re-
search topic both domestically and internationally. In recent years, numerous
papers on sentiment analysis have emerged at top-tier international conferences
in natural language processing, artificial intelligence, information retrieval, data
mining, and web applications (AAAI, ACL, CIKM, COLING, SIGIR, WWW,
KDD, etc.). Dedicated evaluation forums have also appeared. Since 1992, NIST
and DARPA have organized the Text REtrieval Conference (TREC), the most
renowned international evaluation forum in text retrieval. Since 2006, TREC
has included the Blog Opinion retrieval task, conducting global research on blog
opinion retrieval and analysis. Government organizations such as the U.S. Pub-
lic Opinion Research Association, EU Public Opinion Analysis official website,
and the University of Canterbury’ s European Public Opinion Research Center
have conducted public opinion orientation analysis projects using surveys, web
statistics, and text analysis.

We first review related research categorized by type, then summarize the main
classification techniques employed.

2.1 Representative Work

Sentiment orientation analysis is categorized by the granularity of processed
sentiment data into: aspect-level analysis, word-level analysis, document-level
analysis, and multi-document sentiment summarization [3, 14, 15, 17].

(1) Aspect-Level Sentiment Analysis: This targets fine-grained text min-
ing, focusing on identifying opinion words, extracting opinion targets, and asso-
ciating them [4, 5].

(2) Word-Level Sentiment Analysis: Calculating word semantic orienta-
tion is a fundamental and important subfield, aiming to provide quantitative
sentiment expression using real numbers between (-1, 1), where sign indicates
polarity (positive/negative) and absolute value indicates intensity. This pro-
vides crucial foundations for multiple research directions [1]. Current word-level
analysis utilizes pre-annotated benchmark words and word similarity measures
[6-10].
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(3) Document-Level Sentiment Analysis: This can be viewed as a special
classification task that categorizes texts by opinions on a topic (support/oppose,
happy/sad, etc.), enabling the application of machine learning algorithms [11,
12].

(4) Multi-Document Sentiment Summarization: Online subjective infor-
mation texts, particularly product reviews for brand-name products, are grow-
ing rapidly. Most reviews are lengthy but contain few sentences about product
attributes, making it difficult for potential consumers to find valuable informa-
tion and for manufacturers to track consumer opinions. Product review mining
systems therefore employ opinion summarization techniques to summarize on-
line reviews by polarity, intensity, and related events. This enables potential
users to easily understand current consumer evaluations and allows manufactur-
ers to track and compare product performance across brands [13].

2.2 Main Classification Methods

Current sentiment orientation analysis techniques primarily include: statistical
machine learning methods, similarity-based methods, and graph model-based
methods.

2.2.1 Statistical Machine Learning Methods Statistical machine
learning-based text sentiment analysis represents a research hotspot in text
mining. Commonly used algorithms include [1, 3]:

¢ Centroid Classification Method: A simple yet effective approach
where all documents are represented as feature vectors. An average vector
(centroid) is computed for all documents in each category. To classify
a sample vector, its similarity to each centroid is calculated, and it is
assigned to the category with the most similar centroid.

o K-Nearest-Neighbor (KNN) Classification Method: An effective
inductive reasoning approach that, intuitively, starts from a test docu-
ment d and expands the region until it contains k training sample points,
assigning d to the category most frequent among these k nearest neighbors.

e« Naive Bayes Classifier: A general supervised learning algorithm that
uses annotated sentiment texts as training samples, selecting words and
part-of-speech tags as features. The number of sentiment words in sen-
tences also serves as a basis for determining text orientation. These fea-
tures are input into Bayes’ formula to classify unannotated texts.

e Support Vector Machine (SVM): A highly effective traditional clas-
sification method generally outperforming Naive Bayes. Given a training
set, SVM finds a separating hyperplane ( ) with maximum margin between
classes. Larger margins yield better classifiers. Based on document feature
vectors, documents are classified as positive or negative through sentiment
mining, equivalent to solving a constrained optimization problem.
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o Conditional Random Fields (CRF): An undirected graphical model
that calculates conditional probabilities of output nodes (labels) given
input nodes (observations). CRF is particularly suitable for sequence la-
beling problems and has been applied to associate opinion words with
opinion targets in aspect-level sentiment analysis.

¢ Maximum Entropy Classifier: A general supervised learning algo-
rithm that separates subjective from objective texts. The principle models
all known factors while excluding unknown ones, finding a probability dis-
tribution that satisfies known facts without unknown influences. It uses
annotated sentiment texts as training samples, extracting words and POS
tags as features, with sentiment word counts as a basis for subjectivity de-
termination. These features and the maximum entropy model determine
orientation for unannotated texts.

2.2.2 Similarity-Based Methods Similarity-based methods share KNN’ s
basic idea: using k labeled samples and inter-sample similarity to label new sam-
ples. These methods calculate semantic similarity using common words/phrases
between sentences and word similarities from semantic dictionaries [9].

2.2.3 Graph Model-Based Methods For sentiment analysis, graphs can
be constructed using word or text semantic relationships, with words/texts as
vertices and relationships as edges forming a graph model. Sentiment analysis
is then performed using this model and corresponding algorithms. Numerous
researchers have produced successful results using graph-based methods [9].

3 Corpus and Experimental Platform
3.1 Dataset

Sentiment analysis research relies on datasets. However, the field remains in
its early stages, with only one or two small publicly available corpora interna-
tionally, while domestic research is just beginning with no publicly available
corpora. Constructing a standardized corpus of sufficient scale is therefore es-
sential. Following standards from organizations like the Linguistic Data Con-
sortium (LDC), Reuters, TREC, and Topic Detection and Tracking (TDT), we
employed self-developed large-scale web information collection technology to
gather online review texts, establishing a standardized text sentiment analysis
dataset through combined automatic and manual annotation.

We have collected and annotated nearly 17,000 Chinese reviews across nine top-
ics: film/television, education, real estate, laptop computers (abbreviated as
“computer” ), mobile phones, electronic products (abbreviated as “electronics”
), stocks, hotels, and books. To prevent duplicate samples from different review
sites for the same topic, we assigned specific collectors to particular webpage
addresses. After collection, documents were extracted, converted to uniform
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text format, automatically annotated, and manually verified for polarity (posi-
tive/negative), yielding the final dataset. Sample statistics are shown in Table
1.

The dataset exhibits significant imbalance between positive and negative reviews
for education, real estate, and electronics, while other topics have relatively bal-
anced distributions. Document lengths vary considerably, with film/television
reviews averaging the longest at approximately 500 Chinese characters and mo-
bile phone reviews the shortest at about 60 characters.

3.2 Evaluation Metrics

Sentiment analysis (including sentiment lexicon construction) typically uses four
evaluation criteria: Precision, Recall, F-measure, and Accuracy.

Let a denote samples classified as positive matching manual annotation; a
denote samples classified as negative matching manual annotation; b denote
samples classified as positive; b denote samples classified as negative; ¢ de-
note samples manually annotated as positive; and ¢ denote samples manually
annotated as negative. Precision is calculated as:

Precision = a4 +
by + by
Recall is calculated as:
Recall = 0+
€1+ Co

F-measure is calculated as:

o 2 x Precision X Recall

Precision + Recall

In many practical web applications, Recall is often sacrificed appropriately to
improve Precision.

Accuracy is also used as an evaluation criterion, defined as:

a; +a
Accuracy = —+—2
¢+ ¢y

3.3 Experimental Platform

To enable convenient, fast, and automatic text sentiment analysis, we developed
a text sentiment analysis system that analyzes collected texts and provides final
classification results. The system principles are detailed below; the interface is
shown in Figure 1
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4 Supervised Learning-Based Sentiment Analysis

Supervised learning-based text sentiment analysis is currently a research
hotspot. However, numerous challenges remain: (1) determining which super-
vised learning methods perform best on Chinese datasets; (2) understanding
how text feature representation and selection mechanisms affect Chinese
sentiment analysis performance; and (3) identifying which sentiment features
decisively impact analysis accuracy. This section addresses the first two
questions by analyzing conventional classification methods and examining how
various feature representation and selection methods affect sentiment analysis,
with detailed comparative experimental analysis [3].

4.1 Basic Principles

Supervised learning methods involve sentiment feature extraction, representa-
tion, compression, and classifier training [2].

(1) Feature Extraction: Raw documents are segmented into sentences, then
selectively tokenized through parsing and converted into vector lists. Several
processing methods can be applied:

¢ Dictionary Filtering: Includes WordNet-based methods and part-of-
speech (POS) tagging methods. WordNet filtering replaces words with
possible synonym sets from WordNet. POS tagging assumes that for indi-
vidual phrases or words, only certain grammatical components can express
sentiment orientation; other components constitute noise and should be
filtered.

e Adjective Evaluation Method: Focuses on extracting and analyzing
adjective evaluation groups derived from a head adjective (e.g., “beautiful”
or “boring” ) combined with modifiers (e.g., “very” , “sort of” , or “not”

).

(2) Feature Representation: Before sentiment analysis, texts must be rep-
resented as features using linguistic elements such as words, n-grams, phrases,
and concepts. The Vector Space Model (VSM) is the primary representation
method, with research focusing on which semantic units to use as terms and
how to calculate term weights, typically based on term frequency. Some meth-
ods incorporate natural language processing techniques to capture semantic re-
lationships ignored by bag-of-words models, using word senses and phrases as
complex features. However, these have not shown clear classification advantages
and often require complex preprocessing that slows classification. The theoreti-
cal validity and practical scalability of non-VSM representations require further
verification.

(3) Feature Selection: Features generated by representation methods may
contain considerable noise. Feature selection discards less important features to
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eliminate noise, reduce vector space dimensionality, simplify computation, and
prevent overfitting. It selects the most discriminative features according to cer-
tain criteria. Common measures include document frequency, information gain,
mutual information, and CHI statistics, widely used due to low complexity. Fea-
ture quantity changes are closely related to classifier performance. Literature
shows that reasonable feature selection rapidly improves most classifiers’ perfor-
mance toward stability, while excessive features may cause gradual performance
degradation.

(4) Text Classifier Selection: Many text classification methods apply to
sentiment analysis, including centroid, KNN, perceptron (Winnow algorithm),
Naive Bayes, and SVM.

4.2 Experiments and Results Analysis

We conducted experiments using Chinese review data from five topics:
film/television, education, real estate, computer, and mobile phone.

(1) n-Gram Feature Representation Results: We compared three feature
types: UniGrams, BiGrams, and TriGrams. Other conditions were identical:
50% data as training set, 50% as test set, all features, SVM classification. Re-
sults are shown in Table 2 . Overall, BiGrams performed slightly better than
the other two.

(2) POS-Based Feature Representation Results: Analysis revealed that
sentiment expression primarily relies on adjectives, adverbs, and a few verbs
and nouns. We experimented using single POS types and all four combined
(denoted “nvaa” ). Results are shown in Table 3 . Overall, single-POS features
performed much worse than n-Gram features in Table 2, while combining all
four POS types achieved comparable performance to n-Grams. Surprisingly,
noun and verb features generally outperformed adjective and adverb features
across domains, contrary to expectations that adjectives and adverbs carry most
sentiment features.

(3) Feature Selection Method Results: We compared mutual informa-
tion (MI), information gain (IG), CHI statistics, and document frequency (DF).
Other conditions were identical. Results in Table 4 show that MI and CHI, by
favoring low-frequency words, degraded classification performance compared to
DF. IG, considering both category information and low-frequency word impact,
achieved the best results.

(4) Classifier Comparison Results: Using BiGrams, 50% training/50% test-
ing, and all features, we compared centroid, KNN, perceptron, Naive Bayes, and
SVM. Results are shown in Tables 4 and 5 . Among these methods, SVM had
lower efficiency but significantly higher accuracy than others.

(5) Feature Quantity Results: Using IG-selected features ranked by weight,
we tested quantities from 500 to 10,000. Accuracy variation is shown in Table
6 . Results demonstrate that more features are not always better.
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(6) Training Set Size Results: Previous experiments used 50% training
data. Table 7 examines training set size impact, using full, 1/2, 1/3, -, 1/10
of training data. Results show that sufficiently large training sets are typically
decisive for high accuracy.

4.3 Section Summary

Experiments demonstrate that: (1) Corpus linguistic style affects classification
results; (2) DF feature selection is not superior to MI, CHI, or IG; (3) n-Gram
feature representation yields good results, while single-POS words cannot cap-
ture overall sentiment features of online reviews; (4) Integrating more sentiment
expression features improves accuracy; (5) SVM shows clear accuracy advan-
tages; (6) Feature space dimensionality is not #%Z#§F, with accuracy peaking
at certain dimensions; (7) Large training sets are crucial for high accuracy. In
summary, using n-Gram features, IG feature selection, and SVM classification
with sufficiently large training sets and appropriate feature quantities achieves
good sentiment analysis results [7].

5 Domain Sentiment Lexicon Construction

For any document, words play a decisive role in semantic orientation. Therefore,
determining word semantic orientation forms the foundation of sentiment-based
text classification. However, neither English nor Chinese has (nor could have)
a complete sentiment orientation dictionary covering all words, as many words
have context-dependent orientations. Thus, designing efficient sentiment lexicon
construction algorithms is fundamental and important work, with significant
practical implications for advancing sentiment analysis technology and enabling
its application and commercialization.

This section targets general and domain sentiment lexicon construction, address-
ing the problem from multiple perspectives [23-25].

5.1 General Sentiment Lexicon Construction via Function Optimiza-
tion

We propose a scalable lexical semantic orientation computation framework that
formulates word orientation calculation as an optimization problem. Implemen-
tation involves: (1) constructing an undirected word graph using multiple simi-
larity measures, and (2) partitioning the graph using a “minimum cut” objective
function solved via simulated annealing [1].

5.1.1 Basic Principles Assume an undirected graph represents relationships
among all dictionary words. Based on the assumption that words with greater
similarity are more likely to share semantic orientation, word orientation calcu-
lation reduces to graph partitioning that maximizes within-subgraph similarity
for same-sign nodes while minimizing between-subgraph similarity for opposite-
sign nodes, thereby determining each word’ s orientation.
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We partition the graph using a “minimum cut” objective function satisfying: (1)
rewarding intra-subgraph edges; (2) penalizing intra-subgraph non-edges; (3)
penalizing inter-subgraph edges; (4) rewarding inter-subgraph non-edges. Con-
ditions (1)-(2) increase subgraph cohesion, while (3)-(4) reduce inter-subgraph
coupling.

This yields a scalable framework: (1) Build undirected word networks using
dictionary-based and corpus-based methods; (2) Transform word orientation
calculation into graph partitioning and further into function optimization (using
“minimum cut” objective); (3) Solve using simulated annealing.

5.1.2 Lexical Similarity Computation Similarity measures the degree of
relatedness between words, defined as a real number between 0 and 1, where
larger absolute values indicate higher similarity. We employ corpus-based sta-
tistical methods and HowNet’ s similarity computation.

(1) Co-occurrence-based Similarity: The Internet serves as a massive cor-
pus. Search engines enable adapted co-occurrence methods for web corpora,
constructing undirected word networks from pairwise similarities.

(2) HowNet-based Similarity: HowNet is a commonsense knowledge base
describing relationships between Chinese/English concepts and their attributes.
We use HowNet’ s semantic similarity calculation functions, implementing word
similarity computation based on principles from [1].

5.1.3 Problem Solving As an NP-complete problem [18], we introduce sim-
ulated annealing to search for optimal solutions in the objective function’ s
solution space. Simulated annealing extends local search by probabilistically
selecting optimal neighborhood states, proven to be a global optimization algo-
rithm converging to optimal solutions with probability 1.

The Simulated Annealing-based Semantic Orientation Algorithm (SOSA) ran-
domly initializes the network with high initial “temperature” 7'(1). Finding
global optima depends on sufficiently high initial temperature and slow cooling,
which conflicts with convergence time. To balance solution quality and speed,
we experimentally tuned parameters to appropriate values. The algorithm ran-
domly selects node ¢ with current state, calculates system energy E , then com-
putes energy F_ b if i changes to candidate state. If £ b is lower, the change is
accepted; if higher, it s accepted with probability e (-AE/T(k)), where AE =
E b - E. SOSA repeatedly polls nodes randomly and adjusts states, gradually
decreasing temperature. The probability of accepting energy-increasing states
declines. The algorithm continues until each node is visited multiple times at
decreasing temperatures, eventually behaving like a greedy algorithm at very
low temperatures.

5.1.4 Experimental Results Experiments used Chinese review data from
three topics: sentiment blogs, movie reviews, and laptop reviews. Table 8 lists
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benchmark words. Word orientation judgment is uncertain: some words have
different orientations in different contexts, and human judgments vary. To re-
duce these effects, we used multi-person annotation when generating test sets
from documents, avoiding words whose orientation is domain-dependent. Three
word test sets were generated: Setl, Set2, and Set3.

Final lexical results are shown in Table 9 . The experiments demonstrate our
method’ s effectiveness and practicality (details in [21]).

5.2 General Sentiment Lexicon Construction via Modularity Opti-
mization

We propose a novel function optimization method for word semantic orientation
calculation that automatically generates sentiment-labeled word lists from dic-
tionaries or corpora, achieving high accuracy through modularity optimization.

5.2.1 Basic Principles Based on the assumption that highly similar words
usually share semantic orientation, graph partitioning can better utilize global
word information. However, “minimum cut” objective functions risk trivial so-
lutions (all nodes in one class). Community detection research extends graph
partitioning, with modularity optimization as a representative approach. Mod-
ularity (@ value), proposed by M.E.J. Newman, measures network partitioning
quality:

Q= Z (e — aja;)
ij

where e_4j represents the proportion of edges between community ¢ and com-
munity j, and a_ 7 represents the proportion of edges with one endpoint in com-
munity 4. Modularity optimization aligns with graph partitioning goals while
avoiding trivial solutions, making it suitable for word orientation calculation.

5.2.2 Algorithm Process Word orientation calculation proceeds as follows:

Step 1: Build word similarity matrix using two methods: (1) HowNet similarity
functions, and (2) word co-occurrence information from corpora.

Step 2: Based on the similarity matrix, partition into two disjoint subgraphs
to maximize modularity. Specific steps: (1) Build modularity matrix from sim-
ilarity adjacency matrix; (2) Find the eigenvector corresponding to the largest
eigenvalue, with each element representing a word; (3) Manually determine ori-
entation for words with maximum element values in each class as class orienta-
tion; (4) Iteratively exchange words between classes until modularity stabilizes.

5.2.3 Experimental Results Experiments used education, electronics, and
stock review corpora to test modularity optimization on HowNet-generated and
co-occurrence test sets. We used ICTCLAS for word segmentation, adding
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words appearing in HowNet to Termsetl. To reduce judgment uncertainty,
we generated Termset2 and Termset3 via multi-person annotation, avoiding
domain-dependent words. Three additional test sets (4, 5, 6) were created us-
ing whole documents as co-occurrence windows, removing isolated nodes.

To verify benchmark word impact, multiple people selected sentiment-rich,
clearly oriented words as candidates. Using Google search, we sorted words by
returned page counts, selecting the top 20 word pairs as benchmarks (Table 10

).

Final accuracy results on HowNet and co-occurrence test sets are shown in
Tables 11 and 12 . Our method outperformed others on Test Sets 2 and 3, with
higher accuracy on manually selected words showing clearer orientation. On
co-occurrence test sets, our method achieved stable, higher accuracy across all
three sets, demonstrating relative insensitivity to corpus size.

5.3 Domain Sentiment Lexicon Construction via Extended Informa-
tion Bottleneck

Human sentiment expression is highly domain-dependent. For better perfor-
mance, domain-specific sentiment lexicons are needed, but manual construction
for numerous domains is impractical. Thus, developing fast, practical domain
lexicon construction algorithms is crucial. We must solve cross-domain senti-
ment analysis: using labeled data from a known source domain to analyze a
target domain. Most methods only consider relationships between source and
target domain words, ignoring source document-target word and target word-
document relationships. To address this, we propose an iterative reinforcement
model based on the Information Bottleneck method [19] that integrates source
and target domain information.

5.3.1 Basic Principles Our method assumes: (1) Documents containing
many positive words show positive orientation, and words appearing in many
positive documents show positive orientation (similarly for negative); (2) De-
spite distribution differences, source and target domains share some commonal-
ities. These assumptions enable using shared knowledge to guide target domain
lexicon construction.

We define three relationships: WDintra-Relationship (target domain
word-document), WWinter-Relationship (source-target domain words), and
WDinter-Relationship (source domain documents-target domain words).
Our model integrates these into a unified framework.

5.3.2 Information Bottleneck Method Proposed by Naftali Tishby
et al. [19], the Information Bottleneck method compresses random variable
X while preserving mutual information (X, Y) with variable Y. Similar to
rate-distortion theory, it balances compression against information preservation.
Each compression corresponds to an assignment from X to C' (probability that
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value z maps to value c). Soft assignment allows z to correspond to multiple
¢ values; hard assignment maps each z to one ¢. The method finds optimal
assignments by computing Kullback-Leibler distance [20] between p(y/z) and

p(yle).

5.3.3 Incorporating Domain Knowledge Traditional Information Bottle-
neck word clustering only considers word-document relationships. We extend
it to incorporate source domain information for target domain lexicon construc-
tion. Let I(W, D) represent WDintra-Relationship, I(W_s, W_t) represent
WWinter-Relationship, and I(D_s, W__t) represent WDinter-Relationship. The
traditional loss function is extended to:

L =1(W, D) +al(W, W) + BI(Dg, Wy)

Our improved algorithm [23] iterates: (1) Initialize joint probability distribu-
tions; (2) Set iteration ¢ = 1; (3) Repeat: compute document clustering and
update probabilities; compute word clustering and update probabilities; t = ¢ +
1; until convergence.

5.3.4 Experimental Results FExperiments used hotel, electronics, and stock
review data. Results in Tables 13 and 14 show our method outperforms base-
lines on almost all tasks. Baseline methods only consider source-target word
relationships, while our method leverages comprehensive source and target do-
main information, demonstrating superior performance for both domain-specific
and domain-independent word classification.

6 Cross-Domain Sentiment Orientation Analysis

As noted, many researchers use supervised classification for sentiment analysis,
which requires training and test data to share the same distribution. However,
labeled data volume varies dramatically across domains: some traditional do-
mains have abundant annotated sentiment texts, while others have little. Man-
ual annotation requires substantial labor, necessitating cross-domain sentiment
analysis solutions for broad application.

This section aims to improve cross-domain sentiment analysis accuracy from
multiple perspectives.
6.1 Domain Transfer for Supervised Learning

We analyze differences and commonalities between source and target domain
feature spaces to propose effective domain transfer strategies that eliminate
negative impacts from feature space discrepancies [3].
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Training Classification I Evaluation
~Test Set Format
@ Direclory Format (" Text Format " Single Text
Please select test set:
E:\EmotionDiscovery\EmotionClassifier\hotel_revi Browse | Save CE:jlilﬁscaﬁor‘ Start Classiﬁcationl
No. |File | Category
1|neg\neg. 0. txt neg
2|neg\neg. 1. txt Ineg
3|neg\neg. 10. txt ~ |pos F e
4|neg\neg. 100. txt = ~ meg
5[neg\neg. 1000. txt |neg
6|neg\neg. 1001. txt |neg
7|neg\neg. 1002. txt neg
8|neg\neg. 1003. txt neg
9|neg\neg. 1004. txt pos
10| neg\neg. 1005. txt neg
11|neg\neg. 1006. txt neg
12|neg\neg. 1007. txt ‘neg
13/neg\neg. 1008. txt |meg
14|neg\neg. 1009. txt oo |neg o
15|neg\neg. 101. txt |neg
16|neg\neg. 1010. txt |neg

Figure 2: Figure 2
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6.1.1 Basic Principles As shown in Figure 2

, source domain samples are represented by two ellipses (gray = negative, white
= positive), with CON and COP as class centroids and the source domain mid-
dle line as their perpendicular bisector. This line represents the hyperplane
separating source domain classes. However, it cannot correctly classify target
domain samples, misclassifying negative samples below the line as positive. Fig-
ure 3

DRAP Sentiment Discove : al Versio E O]

Training Classification Evaluation About
~ Please select evaluation metrics:
v Recall v Precision v F1 Score

Please select category level: | ~]| Save Evaluation Results I Start Evaluation

No. |Category |Doc CountiRecall  |Errors  |Recall  |Precision |F1 Score
1|pos 2000 1816 581 70.9%  78.1%  74.5%
2[neg 2000 2184 397 80.1% 73.3% 76.7%
3|Average 2000 2000 489 75.5%  75.7%  75.6%

Figure 3: Figure 3

illustrates the solution: select target domain samples with the most domain char-
acteristics, retrain a base classifier, compute new centroids CSNN and CSNP to
obtain the target domain middle line, which correctly classifies target domain
samples [26].

The process: (1) Train a classifier on source domain labeled samples; (2) Use
it to label the most characteristic target domain samples; (3) Train a target
domain classifier on these samples; (4) Use the new classifier to label the target
domain. The key challenge is selecting the most characteristic target domain
samples.
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6.1.2 Sample Selection Methods (1) Similarity Ranking (SR): Using
centroid classification, we compute similarity PS to the positive class and NS
to the negative class for each sample. Larger PS indicates higher positive prob-
ability; larger NS indicates higher negative probability. SR ranks all samples
by NS, labeling the top n/2 as negative, and ranks by PS, labeling the top n/2
as positive.

(2) Relative Similarity Ranking (RSR): When review lengths vary signif-
icantly, long reviews tend to have larger NS or PS. Additionally, feature space
differences between domains cause large NS/PS variations. We normalize simi-
larities to compensate for length and feature space changes.

Define Relative Negative Similarity (RNS) and Relative Positive Similarity
(RPS) as:

NS
RNS = PS4+ NS

PS
RPS = PS+ NS

Larger RPS indicates higher positive probability; larger RNS indicates higher
negative probability. RSR ranks by RNS and RPS, labeling top n/2 samples
for each class, where n represents a predetermined proportion (Ratio) of target
domain samples.

6.1.3 Experimental Results We validated our domain transfer method us-
ing computer, education, and real estate review data. Table 15 shows results for
two proposed methods with target domain data split equally into unlabeled and
test sets, using Ratio = 0.4. The relative similarity ranking method significantly
improves target domain classifier performance, demonstrating strong robustness
and effectiveness. The simpler similarity ranking method also performs well, av-
eraging about 5% lower than RSR but 18% higher than centroid method. In
the “education—real estate” experiment, it even outperformed RSR. Compared
to centroid method, Transductive SVM performed better, but our methods out-
performed TSVM in most cases.

6.2 Bayesian Learning-Based Sentiment Transfer Model

This research maximizes utilization of source and target domain data. To bal-
ance source domain data, we propose Frequent Co-occurrence Entropy to se-
lect general sentiment features frequently appearing with similar probabilities
in both domains. To obtain target domain information, we propose Adaptive
Naive Bayes, a weighted transfer version of Naive Bayes [21].
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6.2.1 Algorithm Description Naive Bayes is effective for sentiment anal-
ysis but suffers from word space differences. Our core idea identifies general
sentiment words as bridges between domains. During training, we gradually in-
crease target domain weighting to achieve optimal domain matching, leveraging
partial source information while fully absorbing target information.

6.2.2 Frequent Co-occurrence Entropy Sentiment analysis can use both
domain-related and general sentiment words. However, target domains lack
abundant labeled instances and domain-related words, making general senti-
ment words crucial bridges. We propose Frequent Co-occurrence Entropy to
identify general features satisfying: (1) frequent in both domains, and (2) simi-
lar occurrence probabilities:

P x P
Py — Folt) Pyl
Bo(w) + Py (w) + 3

where P_o(w) and P_n(w) are occurrence probabilities in source and target
domains, and prevents denominator zero (set to 0.0001 in our method).

6.2.3 Adaptive Naive Bayes Algorithm We apply Expectation-
Maximization (EM) based Naive Bayes (EMNB) to cross-domain learning.
EMNB typically requires labeled and unlabeled data from the same distribution,
which cross-domain learning violates. However, using general features selected
by Frequent Co-occurrence Entropy to initialize the Naive Bayes model solves
this. Another issue is that general features alone cannot accurately predict
target domain labels. We address this with a weighted EMNB classifier that
gradually increases target domain weight while decreasing source domain
weight during iterations, using all target domain features to enhance prediction
capability.

The EM algorithm iterates E-step and M-step to find local maxima of P(D/)
(details in [21]):

P(c|ld) x P(c HPw|c

wed

6.2.4 Experimental Results We validated the algorithm using education,
stock, and computer review datasets. Table 16 shows the top 40 general features
between stock and computer reviews. Table 17 compares overall performance.
The proposed Bayesian transfer model can effectively select general features
and significantly improve cross-domain sentiment analysis performance, proving
practical.
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6.3 Graph Ranking-Based Cross-Domain Sentiment Analysis

We propose integrating text sentiment orientation with graph ranking algo-
rithms for cross-domain analysis, using accurate training domain labels and
test domain pseudo-labels for iterative analysis [22].

6.3.1 Algorithm Description Graph ranking algorithms (e.g., PageRank
[16]) posit that nodes closely connected to important nodes are also important.
Similarly, if a text closely connects to supportive (opposing) texts, it likely
shares that orientation—this is the neighborhood learning idea.

We treat training and test sets as a graph where each text is a node. Each node
receives a sentiment score representing its orientation. Our algorithm combines
sentiment relationships with graph ranking, computing sentiment scores through
neighborhoods in both training and test domains via a unified iterative formula.
Upon convergence, final sentiment scores are obtained. Scores between -1 and
0 indicate opposition (closer to -1 = stronger opposition); scores between 0 and
1 indicate support (closer to 1 = stronger support).

6.3.2 Graph Ranking-Based Algorithm 6.3.2.1 Initialization: First,
assign initial sentiment scores to all texts. For test texts, use a typical text
classifier trained on the training set to obtain pseudo-labels (usually low accu-
racy initially). Assign sentiment score -1 for “oppose” and 1 for “support” .
Normalize test set scores so positive scores sum to 1 and negative scores sum to
-1. Similarly normalize training set scores.

6.3.2.2 Sentiment Score Computation: After obtaining initial score vector
S, iteratively compute final test set scores using both training domain accurate
scores and test domain pseudo-scores.

Build a graph model where nodes represent source domain labeled texts (LD)
and target domain unlabeled texts (UD), with edges representing content sim-
ilarity (cosine similarity). Similarity 0 means no edge; non-zero similarity be-
comes edge weight. Represent similarity between UD and LD using a connection
matrix, normalized so each row sums to 1. For each test document d_ 4, find its
K nearest neighbors in the training domain by sorting normalized matrix rows
in descending order.

Similarly, compute test set scores using test domain pseudo-scores.

6.3.2.3 Iteration Process: The algorithm simultaneously uses training and
test domain information to label test texts, combining neighbor scores from
both domains:

SU) = - Sy i + B Stk

where and represent contributions from training and test domains. For conver-
gence, normalize S after each iteration so positive scores sum to 1 and negative
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scores sum to -1. Iterate until convergence.

6.3.3 Experimental Results We validated the algorithm on electronics, fi-
nance, and hotel reviews, comparing it with typical algorithms and using Lib-
SVM for initial sentiment score assignment. Table 18 shows that the graph
ranking-based algorithm significantly improves cross-domain accuracy. Com-
paring column 2 (LibSVM) with column 4 (our algorithm after LibSVM initial-
ization), our algorithm achieves 11.9% average accuracy improvement, demon-
strating substantial effectiveness for cross-domain sentiment analysis.

7 Summary and Outlook

Text sentiment orientation analysis research has been supported by the Na-
tional Natural Science Foundation, National 863 Program, and other projects.
Aiming to improve analysis accuracy, we proposed solutions for document-level
sentiment analysis, domain sentiment lexicon construction, and cross-domain
sentiment orientation analysis, enhancing accuracy from multiple perspectives.
While conducting technical research, we have developed practical systems to
help users accurately and rapidly determine text sentiment orientation. Future
work will deepen research in these areas to further promote large-scale applica-
tion of sentiment analysis.
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