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Abstract

Sentiment analysis in news is different from normal text sentiment analysis. N ws\wliy
have a specific topic, a focus semantic emotion, therefore, this paper, based on ti%ﬁmcipal

of using Emotion Dependency Tuple (EDT) as the basic unit of news em analysis,
resolves topic sentiment analysis in news into three progressi syb propte ely, topic
sentence recognition, EDT extraction and topic sentlment is. We apimproved TF-
IDF and cross entropy to extract feature set of topics. Q@ b ed e vector model,
calculate the topic association of a sentence and ex opic nally, we construct
topic sentence based on EDT and complete clusterln ofshews topg\a iment. This method is
evaluated using COAE2014 dataset, and differe means s that our results close to the
best results. This shows that the topic base@ould e ly improve performance of
sentiment analysis in news.

Keywords: sentiment analysis, EDT@sent@@x@ctlon News context

1. Introduction

Context sentiment analysis, also k Xopmion mining, is the process of mining,
analyzing and differentiat sers’ o , hobbies and emotions. It is a cross-domain
scientific research fiel @h includ probabilistic theory, data statistics analysis, computer
linguistics, natural ge p INg, machine learning, information retrieval, ontology
and many o fields. Cogtext sentiment analysis has drawn the attention of many
institute and hc err r@fue to the important application value.

Sentlment Sis cal egorized as three levels of progressive research task, namely
sentiment informati action, sentiment information classification and sentiment

classification. T jective is to classify context sentiment into positive or negative terms
and even ific®classes. Depending on the granularity of context analysis, sentiment
informat|ification can be divided into word level, phrase level, sentence level and
paragrap @ el. Currently, there are two main branches in sentiment classification: sentiment
kggl based and feature based. The former sums up and set weights on sentiments or
Xtr

information retr}i& summarization. This paper focuses on sentiment information

p ords (or language units) based on existing sentiment knowledge base. The latter
e s meaningful class related features from context and apply machine learning method
for classification. There have many researches on both sentiment research fields all around
the world. Kim etc., [3] uses the first idea by summing up and adding weight to English text
to acquire the polar of sentences and paragraphs. Turney [4] used the idea mutual information
in unsupervised learning methods and distinguish emotion of article by calculating difference
in mutual information of word combination chosen by pre-defined rule and “excellent” and
“poor” of seed words. Pang etc., [5] started to use machine learning models to classify
English text. There are many researches which are distance learning supervision based on
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SVM, reinforced KNN corpus learning, Naive Bayesian (NB) feature learning, etc [6]. Due to
language difference, learning method cannot be used directly in Chinese language sentiment
analysis. Researchers in China have done research for sentiment analysis based on Chinese.
There some researches which was based on HowNet emotion word dictionary [7]. They used
semantic relation field and automaton to do emotion classification. Moreover, some
researchers use CRF and information gain algorithm combined with feature selection method
to achieve sentiment classification [8].

The above methods has made progress in sentiment analysis in both english and chinese,
but these researches all consider sentiment analysis as a set of words [9] (bags-of-word). But
in reality, people not only use emotion words to express emotions, but also use a certain level
of emotion expression structure. Bag-of-word models ignore syntactic and semantic relations
in emotion word thus making accuracy low. Also, some researcher present sentimen nalysis

based on dependency analysis. Matsumoto use dependency of a sentence as SV to
classify sentiment. Wu [10] use dependency analysis to perform sentl 5|s in
comment text. These method using dependency relations has |mprove t e rmance in

emotion classification.

Dependency Grammar (DG) theory is set up by Frenc
He believes that sentence is a complete organized re nents are words.
Words will generate relations with the adjacent wo ich for g\gmewerk of sentence,
and express meaning [11]. Most research based_on endency mar uses dependency
structure and high accuracy machine learnin ysis me , but does not achieve the
transformation from syntactic level to S c level , 3]. This type of syntactic
dependency analysis will introduce nois ted ion, but making it more efficient
for syntactic analysis using dependeng\ mar e assumption. News has different

characteristics. It has a stable str cm bvious to nd emotion expression concentrate in
topic sentence [14]. In newxsé t apal if news topic and topic words are not
I

| ic uue sniére in 1959.

considered, information un-relat€ebto topicwill=e introduced. To avoid unnecessary noise,
this paper borrows the |dea sing ver ependency tree to construct sentence framework,
and propose a ba3|c st desc ibe hews emotion: Emotional dependency tuple (EDT)

and analyze emoti ncy bas n EDT. EDT uses topic feature words as core, with
other modlflcatlo are att?,t core word. We presented a novel sentiment analysis

model based tional endency tuple, which regards the topic word of sentence as
headword o emotlo endency tuple, improves the efficiency of the sentiment
analysis.

In the remainder
sentiment analysi

'ntroductlon we motivate our interest in the task, describe the topic
for Chinese news, and discuss some examples highlighting some

difficulties. In S 2, we summaries how to accomplish sentiment analysis in Chinese
news and techniques will be applied. Trying to illustrate the key theories in our
method, pt to refine the task in Section 3 and Section 4. At last, we describe our

experi@ ta and results. The paper ends with a conclusion.

2. lysis Pipeline for Topic Sentiment of Chinese News

News context data exist in portal sites, blogs and bulletin in large scale. Most of it is
sentiment oriented and sentiment analysis can provide important evidence for users to grasp
social dynamics and distinguish public status [15, 16]. News report is an important carrier for
news events, which has standard grammar, correct syntax, and reasonable adjective modifiers,
and needs to justify state clearly 6W (when, where, who, why, how, what) of news events
[17]. 6W usually appears in the title, beginning and end of a report. The title of a news report
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is considered as the eye of a news event. It is usually a length restricted, single lined
statement and contain rich information. So, it is important to enhance the mining of titles, first
sentence and first paragraph in order to mine more information.

The main source of text sentiment evidence comes from emotional words. But single
sourced emotional word dictionary doesn't record new words, hot words, deformed words and
potential emotion words in time, thus leading to limited coverage in emotion evidence [18,
19]. We use emotion word and evaluation word from HowNet as the foundation, and combine
it with DUT emotion dictionary after removing neutral words and classifying seven emotion
words into positive and negative words. Then it is united with Taiwan University’s Chinese
emotion word dictionary (NTUSD), Sougou word dictionary’s new word potion and basic
dictionary [20, 21]. Words in Chinese sentences don’t have obvious separators, so lexicon
processing is required before text classification. We use NLPIR tool, which is sed

HMM, as our text parser. Before parsing, internet words that are domain relate rds
from the emotion ontology are add to the custom dictionary. First, new wor d%%] from
the whole document are added to the parser dictionary. Then, do parsm & tagging
to each sentence to increase accuracy. The res pars as shown
D, :{Sl,SZ,Ss,...,Sj,...,Sn}, where S; is the jth ent D, .

S; ={W,,W, W_}, where W, is the k |n nce S;, Based on
the characterlstlc of new documents, topic are frs xtracted. Then topic
sentence candidate set is then extracted frovéﬁe do . Later, EDT is extracted
from topic sentence to construct EDTo is model topic polar distinguation.
Finally, topic sentence subjective-ob \ clas ificatjon is used to select subjective
news topic sentiment with prlorlty 1 sh% etailed process:

NP

‘ﬁ
Topic Featrue
Extraction
Topic Sentence
Identification

I Syntactic I
Analysis
EDT Extraction
Analysis of Topic

t Figure 1. The News Tendency Analysis Flow Chart

News tendency (NT): there are at least two types of news emotion tendency, one is new
event tendency (NET),for example, natural disasters, human casualty and property loss are
examples of negative news, while technology, sports and culture advance has positive
tendency. The other represents the subjective tendency of new reporters (NRT), for example,
the news event “discount on high speed train ticket” draws both positive reports and negative

Copyright © 2014 SERSC 387



International Journal of Multimedia and Ubiquitous Engineering
Vol. 9, No. 11 (2014)

reports. This paper places subjective tendency prediction in higher priority. NET will be the
final tendency for ones that doesn’t have subjective tendency.

Sentiment topic sentence: sentiment topic sentence must be able to express section topic
and general tendency. Therefore, sentiment tendency topic sentence contains two main
features: essential keyword and sentiment tendency keyword. Topic keyword is used to
summarize the topic of a section, sentiment tendency keyword is used to summarize tendency
of section.

Emotion dependency tree (EDT): using core words (CW) as topic features, emotion words
(EW) as dependent on core word, degree word (DW) and negative word (NW) series as
modifier for core word and emotion word, the basic structure of the emotion expression is
constructed, its matching pattern is shown as formula (1).

EDT=[*NW/DW][*[*NW/DW]EW]CW[*[*NW/DW]EW]
For example, for topic sentence “RouShilJi industry in China is not very now our
company have to compensate the 45 million now.”, “RouSh 1Ji industry”

gar ed as core

word, “not very good” is regarded as emotlon word used fy cor , and negative

word “not” and degree word “very” forms a negatl ctu sed to modify
emotion word. The conditions for “RouShiJi indust dust Core words is that
it must exist in topic word set.

Topic sentence of News sentiment classm uses S € ent tendency and news
emotion tendency as classification foundatl act ne timent topic sentence from
news report that is closest to topic, as subj emot ews Extract news event topic

sentence from news report that has hig |Iar as objective emotion of news.
3. Identification of the Q ence mese News
Directly analyzing tendency new |s often disturbed by emotion elements

unrelated to topic, and is o n‘flcultij%gt gwsh news report and news event. Given the
above problems, this p sents aqtwo3step process: first extract topic sentence from new

article, and then dis% emati topic sentence to suppress interference.

The topic a i ticle ca@expressed by topic feature words, then topic feature set of news
i sing TF-IDF. A traditional TF-IDF method doesn’t consider the

article can be obtameabg
frequency of a w& document, which can have certain influence on the characterization

3.1. Feature News Tgpic Construction

of a word. Consi this problem, we improve TF-IDF:

Num,
Num,,

) (2)

Ok IFIDF, =a-tf, -idf, - f, =a-tf, - Iog(—) (

f, is the ratio of the frequency of feature value W, in document D, over the
total There are totally N documents, and N, represents the number of documents with
feature values. Num, is the frequency of feature value W, in document D,. And

Num,, is the frequency of feature value W, in all documents.

Using formula (2), the TF-IDF value of every word can be calculated, forming a feature
subset. To improve the accuracy of topic feature, we extract topic features using a method
based on crossed entropy, thus getting another feature subset. then we obtain a first feature set
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by using equation 3 to do normalization on topic similarity for the two features T(tfidf) and
T(cross) :
T (temp) = « - T (ifidf ), + - T (cross), (3)

Where o and B are weights for adjusting the weight of the two methods. Due to the

fact that new headline can better characterize the topic, at first, through the analysis of
the distribution of topic score in T (temp) features two thresholds is set to 8.5 and 5.5.

Then carry out these operations in T(temp): sequently take word W, from topic, if
T (temp) exist W, with topic value lower than 8.5, then set W, to 8.5; else if T (temp)
doesn’t contain W, , then add W, to T (temp) and set topic value to 5.5. The complete
topic feature set T is then obtained by merging topic words and T (temp) . \/‘

3.2. Topic Sentence Extraction @
Because topic feature words are centered on topic sent rYew r pic sentence

from news article is extracted by using vector space mod ne distance of
topic feature word and news article. The detailed ste IIo s
Step 1: Calculate cosine similarity. Use all va from topgQ ure set T as vector

dimension space to construct the feature ve§v (T) an ntence vector V (S;):

WGIghtl,V\@ welghtﬁ}\ (4)

V(S N -Weig g elghg |ghtn (5)
Where n is the number of feqt Iue uses the similarity of its feature

value and topic as the welgh\okach di & . V(S;) uses the product of the number
of feature words and its 'Iarity a mension weight. Then calculate the cosine
similarity Score(cos ;) as the topic base value of a sentence.

atlon %T

Step 2: Calcul opic feature extraction has not considered the
location featyreyOf, the sentenc ntences at the beginning and ending of the article are
more likely {0 @ topic es, while sentences in the middle of the article it is more
likely to be détails. So, er scores for sentences at the beginning and ending of the
article and lower s for sentences in the middle meets the characteristics of

guadratic funct@ is paper uses function a~(x—0. 5)2 to calculate the location

score of a s@c Score(loc)

Step 3 act sentence length feature. Longer sentences have higher probability of
havin feature value. This paper uses quotient of the sum of TF-IDF value of
d in a sentence and the square value of the sentence length as the length value

(len) to adjust the influence of sentence length.

Step 4: Calculate title similarity. Title can reflect over 90% of the topic. Considering
the fact the title similarity can complement for the deficiency of feature vector method,

title similarity Score(title) is the count of words in a sentence that also appears in the
title.
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Step 5: The topic sentence is extracted by weight fusion after normalization of the
above scores. an article at most has four topic sentences. The fusion formula is as
follows:

4
Score,, =7, - > Score, (6)

i=1
When i is equal to 1 to 4, Score, indicates the score of step 1 to 4, and v, is the
weight of each item.

4. Sentiment Analysis of the Topic Sentence

Emotion expression of news sentence uses emotion dependency tuple as units. Emotion
value of sentence is a comprehensive emotion representation of EDT. Extractlng isea
process of syntactic analysis of a sentence, analysis of dependency, extracting
dependency, and finally distinguish new tendency based on EDT. ?‘

4.1. Emotional Dependency Tuple Extraction

Document structured can be extracted from ne s hro tactic analysis.
Information extraction based on this can obtaln eC| no edge and improve
performance of information extraction system. In paper rd parser is used to

analyze dependency of a sentence and extra@ depgnc%/ tree. Using the sentence
“Reporters also found a lot of investors age tImIStIC\ n example, EDT extraction

process is as follows:

(1) First convert parsed text and 1nt0 Sﬁ%equence “Reporters/NN also/AD
found/VV a lot of/CD investor /NN D optl ”, then perform syntactic analysis
to construct syntactic tree and d 5 cy rqla

tc

(2) Extract topic feature wor an b s evaluation object as the head word of the
emotion tuple, for example estor” n@ence

(3) Search for head aII in syntactic tree, then using extraction rules in
Table 1 extract mo@ords fo d word in all sibling nodes and sub-tree of sibling
nodes of head w ee pal tructure <head word, modifying> can be extracted,

<investor, ve \gvestor, m| c> using rule;

able 1 @IOHN Dependency Tuple Extraction Rules

ID Head-word Modifying Word
»
1 . l Noun Adjective, Verb, Noun, and JJ
2 @) Verb Adjective and Adverb
N . .
)\.O Pronoun Adjective, Verb, Noun, and JJ

xtract the head word, negative dependency of modifying word, degree dependency
advmod, nummaod from the dependency tree to construct a complete EDT. The complete EDT
contains a head word with its modifying words and a number (or zero) of dependency
relations.
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4.2. Sentiment Identify for the Topic Sentence
Construct emotion distinguishing model based on emotion atom group, S(Sub)
represents the emotion value for head word with initial value 1. S(dec) represents

emotion value for modifier word with initial value 0. S(term) represents emotion base

value for the emotion atom group. Obtain head word and modifier word from emotion
word dictionary, where positive emotion word value of 1 and negative emotion word

value of -1. Then, calculate negative degree NegW (Word) of head word and each
modifier word: obtain negative dependency of head word and each modifier word, and
obtain a negative emotion NegW (word)=— NegW (word) for each atjve
dependency. Obtain degree modifier for negative dependency, obtain degre
NegW (word ) = NegW (word )*W (word) for each degree modifier

W (Word) is the degree coefficient for degree Word dtion e for the whole
emotion tuple will be:

S(term) = S(sub) * NegW (sub) * [H S‘* Neg\/Wﬂ] 7)

Where n is the number of modifier for rd, e polarity of emotion tuple
is dependent on polarity of head WorCIEC numbe t|0n polarity of modifier

word. When there is no modifier or m word have no emotion, then
S(term) is determined by polan tlon value of sentence is the sum
of all emotion dependency tu whe ence has no emotion tuple, emotion
value of a sentence is cal ased‘@votlon word dictionary. The model for
emotion value of a senten@s as:

\\Q sgﬁ ®

Where n Q num %motion tuple in a certain sentence. When n = 0, emotion
value of a sentence i ummation of all emotion value of emotion word where m is
the number of enf@tied word and emo is the emotion word. Using this model, the
emotion value o& sentence can be calculated.

4.3. Senti lassification of Chinese News

éport emotion represents the subjective emotion of the author, and the news event
n represents the objective emotion of the news event. So, classifying sentence emotion
Wlth subjective emotion will obtain subjective emotion based on news report.
Step 1: extract subject predicate dependency from dependency tree. The subject usually
appears first, so the first pair of subject predicate relation extracted is subject and predicate.
Step 2: using grammatical person and POS of an object, in addition with predicate to
distinguish subjective and objective state of a sentence. If the object is first person, pronoun
then annotate as subject sentence. News report with specific predicate words as predicate is
annotated as objective words.

é ve, topic sentiment includes two types of emotion, new report and new event.
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Step 3: select most relevant subjective sentence to topic from candidate topic sentence as
emotion key sentence to obtain emotion of news report. When no subjective sentences exist,
and then use most relevant objective topic sentence as final emotion type of news article.

5. Experimental Results

5.1. Parameters Setting

We used the Sixth Chinese Opinion Analysis Evaluation corpus (COAE2014) which is
released by the China Conference on Information Retrieval. This corpus has 10000 texts
including news, blogs, and forums. We selected 500 News which are randomly labeled from
the corpus for our experiments. For gold standard label boundaries, the datasets have begn
labeled by annotator, so that the key sentence and opinion of the sentiment are Nnd
15 topic words are labeled in each text. Then, we utilized a rule-based me ;I?ﬁmove
some erroneous examples. Finally, we get a labeled corpus for our task wh@ des 280
texts. .

In Topic feature extraction, we adopt an aggregating TEID Cross Entropy
based weights. The methodology gets the weights of=[RIDF and Cr ntropy during the
aggregation through analyzing the similarity of topi lire wit e and annotation results.
Figure 2 shows the similarity result In the case of difféfent weigh inally, we selected 9:1
proportion between TFIDF and Cross Entropy. é
*

The weight of the cross entropy method

A N
l 0 0.1 0.2 03 04 05 06 07 08 08 1

&Are 2. Topic Features Extraction Parameter Weights Contrast

%pic feature extraction, we adopt an aggregating method of TFIDF and Cross Entropy
based weights. The methodology gets the weights of TFIDF and Cross Entropy during the
aggregation through analyzing the similarity of topic feature with title and annotation results.
Figure 2 shows the similarity result In the case of different weights. Finally, we selected 9:1
proportion between TFIDF and Cross Entropy.

In topic sentence extraction, we used the four features which are the Cosine distance of
topic feature vector, the sentence position, the sentence size, and the similarity with title. In
our experiments, the evaluation of each feature was based on the number of the matching the
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topic sentence labeled by human. We utilized the results of evaluation to determine the
weight on each feature. The weight learning uses the same optimization objective as EM
algorithm. Finally, we get the four weights: r1:r2:r3:r4=0.55:0.2:0.1:0.15

5.2. Results and Observations

We use Precision (P), Recall (R), F measure (F1) and Micro-average (Micro) to evaluate
the overall performance. Referring to the evaluation standards of NLP&CC 2013 [22], the
formulas of evaluation standards for News sentiment classification are listed as follows.

#system _ correct(emotion =Y)
#system _ proposed (emotion =Y)

Precision =

(9)

#system _correct(emotion =Y)

\/‘
Recall = = - ?“
#annotated (emotion =Y')
.. *
F1- 2% Pre_c_|S|on x Recall @ %11)

Precision + Recall

In above formulas, #system_correct denotes the@er of%ymltted results which
match with the manually annotated results, #system posed de Il the number of the
submitted results, #annotated denotes the numb%lhe m annotated results.

The result shows that our method leadssto er perfor ce in Precision, Recall and F-

measure than those approaches released % icro-average, our results are the
closest to the best results. The details a( e res own in Table 2.

Table 2. The Re§bAof Senﬁ@ Analysis of Chinese News

R @P &' \Accuracy Micro Micro Micro

. (\‘ \ Recall | Precision | F-measure
EDT-Based .{&) 0. 0.2037 | 0.0600 | 0.3495 | 0.0932 0.1472
me@ \).667 @1? 0.0571 | 0.0405 | 0.2201 | 0.0682 0.1041
maxv 0. .0846 | 0.1092 | 0.0652 | 0.3887 | 0.1041 0.1642

The results of@periments are the second best in all the approaches, and very close to
the best. This shows our sentiment analysis model based on emotional dependency tuple is a
practical andNwerthy of further study methods. Our approach adopt topic feature to construct
emotiona @ yendency tuple, and can avoid the impact of non-topic sentiment. Our model can
fur eance, for example, we improve the recall and precision by the augment of syntactic

antic evidence. We can also lift performance by adding synonym dictionary,
sentivhient dictionary and headword dictionary. Consequently, the scalability of our sentiment
analysis model based on emotional dependency tuple is very strong.

6. Conclusions and Future Work

To analyze the topic sentiment of Chinese news, our task is divided into three sub-task:
identifying the topic sentence, extracting the emotional dependent tuples, and the topic
sentiment analysis. Divide - and - conquer strategy is used to complete the different layer of
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sub-task to ease analyzing sentiment of news as a whole. We presented a novel sentiment
analysis model based on emotional dependency tuple, which improve the efficiency of the
sentiment analysis. This model regards the topic words of sentence as head-words of the
emotional dependency tuple, and removes the noise of non-topic sentiment. We found the
augment of syntactic and semantic evidence has a great help to lift the performance of
sentiment analysis through our experiments. This will be our further works. Sentiment
classification in the news text is very useful to individual and corporation, such as taking
effective measures to reduce the negative impact on the news media, Internet, and other
media. This paper proposed the method based on emotional dependency tuples is preliminary
discussed for sentiment analysis, which is a worthy of further exploration and research, has

broad application prospects.
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