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Abstract

Twitter sentiment analysis is to classify a tweet (message) into positive and negative sentiment class. This study
deals with SentiWordNet(SWN)-based twitter sentiment analysis. SWN is a sentiment dictionary in which each sense
of an English word has a positive and negative sentimental strength. There has been a variety of SWN-based senti—
ment feature extraction methods which typically first determine the sentiment orientation (SO) of a term in a docu—
ment and then decide SO of the document from such terms’ SO values. For example, for SO of a term, some calcu-
lated the maximum or average of sentiment scores of its senses, and others computed the average of the difference of
positive and negative sentiment scores. For SO of a document, many researchers employ the maximum or average of
terms’ SO values. In addition, the above procedure may be applied to the whole set (adjective, adverb, noun, and
verb) of parts—-of-speech or its subset. This work provides a comparative study on SWN-based sentiment feature ex—
traction schemes with performance evaluation on a well-known twitter dataset.
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E=Fo| = SentiWordNet 3.08 AFE-3th. WordNet 3.0
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¥ 1. SentiWordNet oA
Table 1. An examaple of SentiWordNet

POS | Sense | Pos | Neg | Obj Example

good#l | 0.75 0 0.25 good news

Ad\]](eectl good#2 | 0.5 0 0.5 a good(secure) investment
good#3 | 0.625 0 0.375 a good(skillful) mechanic
good#l | 0.5 0 0.5 for your own good

Noun
good#2 0 0 1 expensive goods

Adverb| good#1 | 0.375 0 0.625 | The baby walks pretty good
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Table 2. Performance of sentiment analysis based
on pure SWN features using all POSs
Rank SWN_AII Acc SWN_FirstSense Acc
1 avg-max-PoSy-DI | 0.6897 max-max-PoSy-DI | 0.7057
2 diffavg-avg-PoSy 0.6886 avg-max-PoSy-DI 0.7057
3 avg-avg-PoSy-DI 0.6864 avg-max-PoSn-DI 0.705
4 | avg-max-PoSy-PN | 0.6813 avg-max-PoSn-PN | 0.7034
5
6
7

avg-avg-PoSy-PN 0.6782 avg-avg-PoSy-DI 0.6985
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diffmax-avg-PoSy | 0.6732 diffmax-avg-PoSy | 0.6977
22 | diffmax-avg-PoSn | 0.5623 diffmax-max-PoSn | 0.5849
23 | avg-avg-PoSn-DI 04797 diffavg-avg-PoSn 04784
24 | diffavg-avg-PoSn 0.4785 avg-avg-PoSn-DI 0.4765
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Table 4. Performance of sentiment analysis

Positive
Sentiment Class

Negative

Sentiment Class Total

Method

Pre | Rec | F1

Pre | Rec | F1 F1 | Acc

BOW (binary) | 77.5| 83.5| 80.2

816 |750|779(79.0 792

BOW (tf-idf) 80.3 | 828|813

81.7179.0 | 80.1 | 80.7 | 80.8

BOW+SWN 829|836 | 830

829 (823|824 827|827
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Table 5. Performance of sentiment analysis based
on BOW+SWN features

Ran DB_All Acc DB_FirstSense Acc
max-avg-PoSn-arn-DI |0.8274| diffmax-avg-PoSn-arn [0.8173
diffmax-avg-PoSn-arn |0.8244 | diffmax-avg-PoSn-arvn |0.8172
max-avg-PoSn-an-PN [0.8236 | max-avg-PoSn-arvn-DI |0.8169
diffmax-avg-PoSn-arvn |0.8213 | diffmax-avg-PoSn-arv |0.8168
max-avg-PoSn-arn-PN |0.8207 | max-avg-PoSn-an-DI [0.8165
diffmax-avg-PoSn-an |0.8207| max-avg-PoSn-arn-DI |0.8163
max-avg-PoSn-avn-DI [0.8206| diffmax-avg-PoSn-ar |0.8163
max-avg-PoSn-arvn-DI|0.8202| max-avg-PoSn-arv-DI | 0.816
avg-avg-PoSn-arvn-DI | 0.82 max-avg-PoSn-ar-DI |0.8157
max-avg-PoSn-an-DI [0.8193| diffmax-avg-PoSn-an |0.8155
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Fig. 6. Relationship between ranks and accuracies for
720 sentiment analysis methods based on BOW+SWN

features
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Rank of BOW+SWN methods vs. # of SWN features
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Fig. 7. Relationship between ranks and the number of
SWN features for 720 sentiment analysis methods
based on BOW+SWN features



Rank of pure SWN methods vs. # of SWN features
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SWN features of 720 sentiment analysis methods based
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