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Abstract

Sentiment lexicon is an essential element for expressing sentiment on a text or recognizing sentiment from a text.
We propose a graph-based semi-supervised learning method to construct a sentiment dictionary as sentiment lexicon
set. In particular, we focus on the construction of domain-specific sentiment dictionary. The proposed method makes
up a graph according to lexicons and proximity among lexicons, and sentiments of some lexicons which already
know their sentiment values are propagated throughout all of the lexicons on the graph. There are two typical types
of the sentiment lexicon, sentiment words and sentiment phrase, and we construct a sentiment dictionary by creating
each graph of them and infer sentiment of all sentiment lexicons. In order to verify our proposed method, we
constructed a sentiment dictionary specific to the movie domain, and conducted sentiment classification experiments
with it. As a result, it have been shown that the classification performance using the sentiment dictionary is better
than the other using typical general-purpose sentiment dictionary.
Key words: sentiment lexicon, sentiment dictionary, sentiment classification, sentiment word, sentiment phrase, graph,

semi-supervised learning
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Lexicon Extraction

Extract words and phrases from 1,000 movie
reviews.

(Natural Language Processing)

Graph Generation

Generate a word graph and a phrase graph
using extracted words and phrases.

(Considering similarity and phrase relation)

Sentiment Propagation

Propagate sentiments of supervised words and
phrases throughoutthe word graph and phrase
graph respectively.

Sentiment Classification

Classify 1,000 movie reviews using sentiment
lexicons of constructed sentimentdictionary

Figure 1. The process of the sentiment dictionary construction
and sentiment analysis experiment
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Table 1. The number of extracted words and phrases

Words Phrases
Noun Verb Adjective
Total
(NNG) (VV) (VA) 2,430
1,017 296 81 1,394

Table 2. The examples of pre-defined sentiment words

Sentiment Sentiment Words
(count)

Z/VA, AW/VA, AE/VA, EZ/VA,
Positive | £}/ VV, A H|QU/VA, o]B/VA, EHO|/VV,

(14) EF/VA, BHF/VV, W E2/NNG, B UA/VA,
3 3HVA, Z5/NNG,

A EZ/VA, Hol/VV, AFIGUVA, 2 HWNNG,
Negative GR/VV, AS/NNG, AlITH/VA, MSHVA,

(14) A€Y/VV, SH/VV, YI/VA, Z3E/VV,
A H/VA, #IVA

Table 3. The examples of pre-defined sentiment phrase

Sentiment Sentiment Phrases

(count)
(71H/NNG, ZL/VA), (FH/NNG, &Z/VA),
(YNNG, #31/VA), (7-5/NNG, =71/VV),
(ZEZI/NNG, :Z/VA), ((FE/NNG, LHVV)

Positive

(30) | (ZE/NNG, /VV), (EEE/NNG, EHo|/VV),

(&2F/NNG, =/VV), (AFZI/NNG, dA1/VV),

(FHI/NNG, F/VV), (ZE @ 2/NNG, E2/VV),
(B/NNG, Z/VA),

(Z1HI/NNG, THE/VA),(% YNNG, FEZ/VV),
(E=/NNG, °FH/VA), (SA/NNG, AFoRi/VV),
(FE/NNG, 2F3H/VA), (AZHNNG, °H4/VA)
Negative
(30) (£/NNG, 2I3H5/VV), (713/NNG,
ZH/VA), (AZAZ/NNG, $I/VA), (21$3/NNG,
ZYA|/VA), (EU/NNG, o H/VA),
CEFEA/NNG, fI/VA), (BHAI/NNG, =7AA]/VV)
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Table 4. The distribution of sentiments of words after sentiment

propagation
Positive Negative Neutral
words words words Total
# of 741 642 1 1394
words
ratio 53% 46% 1% 100%

Table 5. The distribution of sentiments of phrases after
sentiment propagation

Positive Negative Neutral Total
phrases phrases phrases
pITra(;is 1004 1382 44 2430
ratio 41% 57% 2% 100%
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