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Abstract In these days, information spread on microblogs (e.g., Twitter) includes tons of (false) rumors. This
motivates us to quickly detect such rumors to let people know their unreliability. In this study, we analyze users’
attitudes toward such rumors to help people understand the rumors. We classify the responses to the information
according to two criteria: 1) doubting or believing the information 2) with or without grounds. We trained two
SVM classifiers to solve these two text classification task, using the gold-standard data that is manually built from

Twitter.
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Table 2 Number of tweets about doubt or belief

Doubt | Belief | All
Training data | 743 1210 | 1953
Test data 211 120 | 331
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Table 3 Number of tweets about with or without doubtion
With grounds | Without grounds | All

Training data 340 1613 1953
Test data 145 186 331
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Table 4 Result of doubt or belief

Baseline tf tf-idf
Only words n- [0 Fixed length | O Flexible length| Only words n- | 0 Fixed length [ O Flexible length
gram POS n-gram POS n-gram gram POS n-gram POS n-gram
Accuracy 0.630 0.749 0.785 0.758 0.779 0.779 0.789
Precision 0.630 0.830 0.872 0.839 0.848 0.852 0.841
Recall 1.00 0.763 0.777 0.767 0.796 0.791 0.825
F-measure | 0.773 0.795 0.822 0.801 0.822 0.820 0.833
0os5 0boboooooooon
Table 5 Result of with or without grounds
Baseline tf tf-idf
Only words n- [0 Fixed length | O Flexible length| Only words n- |0 Fixed length [ O Flexible length
gram POS n-gram POS n-gram gram POS n-gram POS n-gram
Accuracy 0.438 0.704 0.749 0.785 0.692 0.737 0.722
Precision 0.438 0.758 0.804 0.825 0.795 0.845 0.811
Recall 1.000 0.476 0.566 0.648 0.400 0.490 0.476
F-measure | 0.609 0.585 0.664 0.726 0.532 0.620 0.600
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Fig.5 Relation of C and index of Classification according to
doubt or belief
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Fig.6 Relation of C and index of Classification according to with

or without grounds
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Table 6 Features with beg weights of classification according to

doubt or belief

Doubt Belief
1 oo 7.08 O -2.68
2 ogoo 3.96 oo -2.61
3 oo 3.00 0o -2.59
4 ogoo 2.74 -2.57
5 oo 2.64 g -2.35
6 oo 2.50 oo -2.18
7 O 2350000 |-2.15
8 oo 2.06 O -2.13
9 . 2.01 oo -2.10
100000 |1.99 0o -2.04
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Table 7 Features with beg weights of classification according to

with or without grounds

With grounds Without grounds
1 / 4.27 -3.23
2 . 3.49 O -3.17
oooo.o
3 |00D0O0000oo | 347 gooooo -3.00
oo

4 goo.oooooo |3.46 0 -2.96
5 ood 3.28 O -2.96
6 (000000000 |3.15 :00d -2.75
7 opooo 3.11 :000o -2.75
8 O 2.92 oo.oo.oo -2.71
9 oooo_.oooo | 291 | USERNAME:O OO | -2.68

opooo.o
10 ooooao 2.89 0 -2.65

0

08 OD0OO0OO0OOOOO Confusion Matrix

Table 8 Confusion Matrix of classification according to doubt or
belief
Belief | Doubt
Classified to belief 96 47
Classified to doubt 24 164
09 000000000 Confusion Matrix
Table 9 Confusion Matrix of classification according to with or

without grounds

Without grounds | With grounds

Classified to without grounds 166 63
Classified to with grounds 20 82
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Fig. 7 Distribution of margin and test data(annotated according
to doubt or belief)
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Fig.8 Distribution of margin and test data(annotated according
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