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Introduction EH AR 2 EAE mmsLn:

Task: Topic-Based Chinese Message Polarity Classification
Task Description:

eClassify the message into positive, negative, or neutral sentiment
towards the given topic.

eFor messages conveying both a positive and negative
sentiment towards the topic, whichever is the stronger

sentiment should be chosen.
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Introduction EH AR 2 EAE mmsLn:

Task Characteristics:

eReal and noise data

e|mbalance data between classes
eShort but meaningful message

Examples:
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Introduction EH AR 2 EAE mmsLn:

Framework of our model

eData preprocessing: rule-based process

e\Word feature based SVM classifier: unigram + bigram +
sentiment words

*CNN-based SVM classifier: word embedding + convolutional
neural network

e|ntegrated strategy: multi-classifier results fusion
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Data preprocessing
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Data preprocessing rules with illustrations

Rules

Sharing news with
personal comments

Removing HashTag

Removing URL

Removing
nickname

Removing
information sources

Raw Text
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Processed Text
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Sentiment Lexicon expansion: To expand existing sentiment
lexicon, POS tags, word frequency, mutual information and context
entropy are used to mine the new sentiment word from twenty
million microblog text.

Positive Words Negative Words

NAE, ik, NE N, mA8, vz, 1ME
SEWT, (. . S iR, Ohae, 1REE, ff=
SRR, EhiE, ZhaEgE e, farer, ®E, ®X
BE, A&, e, S fBE, sk, A=, S

K, SETE, ERE, FEF g, BR, W, KiE
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Word features: unigram, bigram, uni-part-of-speech, bi-part-of-
speech, sentiment lexicons

Features Selection Methods: CHI-test, TF-IDF
Imbalance Data Problem: use SMOTE algorithm to
undersampling the major class and oversampling the minor

classes.

Classifier: SVM with linear kernel

10
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Training and

testing data
lPre-trained word | Convolutional
embedding neural network
/

Feature vectors of
sentences in training
and testing data

SVM
classifier

l

Prediction results
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INPUT PROJECTION OUTPUT

1. Word embedding

W(t-2)

*Train the CBOW model
using 16GB Chinese M= SUM
microblog text

> wW(t)

*Obtain 200-dimension
word embeddings for
Chinese microblog text

W(t+1)

W(t+2)
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2. CNN-based SVM classifier

Input: a matrix which is composed of the word embeddings of
microblogs

Features: use CNN to constitute the distributed paragraph
feature representation

Classifier: SVM with linear kernel

13
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2. CNN-based SVM classifier

m -l 1 S o [ SVM ClaSSifier

I | I | I I
Representation of Convalitional Taves Max-over.'-t ime
sentence pooling

14



(b B 2 K K5 s

\Hbllll of Technology Shenzhen Graduate School

Outputs merging

e Two classification outputs are the same
=>The final output is the same

e Two classification outputs are different
=>The final result is determined from the merge rules
These rules are based on the statistical analysis on the
individual classifier performances on training dataset.

Final result Classifier 1 Classifier 2

neutral positive neutral
neutral negative neutral
neutral neutral positive
neutral neutral negative
negative positive negative
positive negative positive .
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® Data set

Training data: 4905 microblogs (394 positive, 538 negative and
3973 neutral), 5 topics
Testing data: 19469 microblogs, 20 topics

® Metrics

System.Correct

Precision =
System.Output

System.Correct
Human.Labeled

Recall =

o 2 x Precision x Recall

Precision + Recall
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Performances in restricted resource subtask

Team Name

TICS-dm

NEUDM2

LCYS_TEAM

HLT_HITSZ

Precision

0.83

0.74

0.72

0.68

All

Recall

0.83

0.74

0.64

0.68

F1

0.83

0.74

0.68

0.68

Precision

0.62

0.31

0.26

0.21

Positive

Recall

0.51

0.08

0.05

0.40

F1

0.56

0.13

0.09

0.28

Precision

0.82

0.44

0.40

0.45

Negative

Recall

0.46

0.08

0.10

0.60

F1

0.59

0.13

0.16

0.52
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Performances in unrestricted resource subtask

All Positive Negative
Team Name Precision Recall F1  Precision Recall F1 Precision  Recall F1
TICS-dm 0.85 0.85 0.85 0.58 0.62 0.60 0.79 0.61 0.69
xkO 0.74 0.74 0.74 0.19 0.01 0.03 0.40 0.05 0.09
NEUDM1 0.74 0.74 0.74 0.26 0.11 0.16 0.46 0.33 0.38

HLT_HITSZ 0.71 0.71 0.71 0.24 0.41 0.30 0.51 0.54 0.53
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Performances by different classifiers
in unrestricted resource subtask

Neutral Positive Negative
Approach Prerc1isio Recall F1  Precision Recall F1 Precision  Recall F1
Classifier 1 0.67 0.67 0.67 0.20 0.42 0.27 0.44 0.49 0.46
Classifier 2 0.60 0.60 0.60 0.18 0.61 0.28 0.42 0.67 0.52

Merging 0.71 0.71 0.71 0.24 0.41 0.30 0.51 0.54 0.53
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e Data preprocessing
e \Word feature based SVM classifier

e CNN-based SVM classifier

e |ntegrated strategy

e Second rank on micro average F1 value

e Fourth rank on macro average F1 value

20
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