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Abstract: Based on the current situation of and demand for Chinese sentiment analysis, the method of automatically ob-
taining subjective lexicon from the target corpus was studied. A creation method of subjective lexicon was presented, the
subjective lexicon and language model were defined, a self-adaptive subjectivity bootstrapping algorithm and the charac-
teristic model of subjectivity attribute were designed, and all these lead to the realization of the automatic judgment of
sentiment polarity, subjectivity intensity and the subjectivity and objectivity of a word in the subjectivity entry. Experi-

ments prove that by using machine learning the proposed method of automatic creation of Chinese subjective lexicon is
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highly efficient and with excellent performance.
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EMX 1 Entry := Word POS Polarity Intensity
Context

Word := {i#ifi}; POS := {ia4}; Polarity :=
{positive, negative, other}; Intensity: = {strong,
weak}; Context: = {SEPs}.

Word F/RiZ BRI ISCAFIE; POS RoRi%
35 BRI s Polarity 71217 BRI 10 ) 1 5
Intensity RN IXIEBARIC 15 GRS ;s Context £
AR AT DL SRS PR R SCRHIE.

2.2 PTBLD &5 FHREE T

VBV S5 K R 2 AR, 1] 4% 22 TR) R 2 A XA
KRAFRAM, AR AR B S ol B A
F R NEE WEE . X PTBLD (POS, tagged
bigram lexical dependency) {F J LAl 5 AR,

E X 2 PTBLD := Relation (GovernWord
GovernPOS GovernPosition DepWord DepPOS Dep-
Position)

Relation AIEEAMKBIOC R, K2
mifEM; GovernWord 4 3CHitii]; GovernPOS 43¢
i i3 s GovernPosition A4 32 It il 78 A1) F 1
f7H; DepWord AHKHiIA]; DepPOS A # 1] 1) is]
P£; DepPosition A iR 7E A1) 1 AL .
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SEP: = GovHook GovPOS Relation DepPOS
DepHook

GovHook := {govword, *, null}

GovPOS := { 1:F ik, *}

Relation := { &K% %}

DepPOS := { f{#fiin] in] P, *}

DepHook := {depword, *, null}
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WILHACHT B :

1) SEPs = { Fi 47 (1) W PEFEHUBE L) 5

2) ValidSEPs = { } #5% SEP;

3) CandidateWords = { } #{51% F W17

4) lexicon = {seed words} #A T M EFh 1] Hit
AL I T AT R
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He s

2) $EHLAT k A SEP £ 4 ValidSEPs;
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Naive Bayes. SVM (Support Vector Machine ). Basic
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100 ) FLAS VRFAEARE Y, I 43 SR80 17 St 1) M 1)
R ERIR (Accuracy) F1F{H (F-measure) #f5LL
BUf, REAjE SVM (Accuracy: 95.47%, F-measure:
93.90% ) « KNN(Accuracy: 94.98%, F-measure:
93.75% ) Hl Decision Tree ( Accuracy:92.62%,
F-measure:92.62%) SURK A . Peter Turney XfJE
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F U o A o AR R R M 2 W 2 P
S R AR A SC I 5 B BT BV E AL B A3 4928
ART U i (1) 73 R HERf SR AR LU A i, Accuracy
M F E#ET 90%, %)t KNN(95.37%). SVM
(93.75%)F11 Decision Tree( 93.51%)WUR L H#AH
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NaiveBayes SVM  BasicRule K-NN DecisionTree
K3 R R AL A B4 2K A FAETERE LR

TERFAEE £S5 1) F MR AR SR & EabAT HLAS
¥, AT BRI ES, RBELF KNN 1
F-measure 4 81.52%, accuracy 4 81.27%, fLT-3F
ANGEHE I HLAE . Valentin Jijkoun FEAH H T4 1E
WordNet 17 i 6™, 17 1) 3= 25 W0 551 24
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Wr, A A AT R e S BE U, VRIS v AT,
KNN [#] F-measure 4 81.52%, accuracy 4 81.27%,
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