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Existing emotion estimation system always estimates some emotion from sentences. However, some sentences
are difficult to estimate by humans. In order for the dialogue system to estimate emotion like humans, we think
that it should also give results that ”emotion estimation is difficult” as humans do. Therefore, we aim to construct
a system to calculate the estimation difficulty level when estimating the author ’s emotions in Japanese sentences.
Emotion estimation difficulty was judged by combination of classification by classifier, whether there is negative
expression, emotional expression or not. F1 value exceeded 80%.
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Recall Precision Fβ

0.901 0.519 0.552 (336 37 311 62)

2 Word2Vec SVM

Recall Precision Fβ

0.545 0.552 0.551 (48 40 39 55)

0.482 0.562 0.549 (41 44 32 51)

0.636 0.644 0.643 (56 32 31 63)

0.568 0.593 0.590 (54 41 37 50)

0.620 0.516 0.528 (49 30 46 57)
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0.593 0.622 0.618 (51 35 31 65)
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0.535 0.590 0.582 (46 40 32 63)
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0.556 0.610 0.602 (50 40 32 60)

0.633 0.538 0.549 (57 33 49 43)

0.550 0.647 0.632 (55 45 30 52)

0.711 0.602 0.615 (59 24 39 60)
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3 Word2Vec CNN
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0.500 0.676 0.645 (46 46 22 68)

0.735 0.581 0.598 (61 22 44 41)

0.667 0.667 0.667 (66 33 33 50)

0.535 0.662 0.641 (53 46 27 56)

0.740 0.640 0.652 (71 25 40 46)

0.60 0.698 0.682 (60 40 26 55)

0.772 0.617 0.635 (71 21 44 46)

0.710 0.660 0.666 (66 27 34 55)

0.787 0.914 0.894 (74 20 7 80)

0.729 0.642 0.653 (70 26 39 47)

0.605 0.571 0.576 (52 34 39 57)

0.823 0.612 0.635 (79 17 50 36)
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0.717 0.724 0.723 (71 28 17 56)
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Accuracy Recall Precision F1 Fβ

0.268 0.241 0.951 0.384 0.676 ( 58 183 3 10)

0.575 0.593 0.935 0.726 0.866 (143 98 10 3)

0.646 0.660 0.952 0.779 0.897 (159 82 8 5)

+ 0.689 0.718 0.940 0.814 0.902 (173 68 11 2)

+ 0.740 0.768 0.949 0.849 0.919 (185 56 10 3)

+ 0.154 0.116 0.933 0.207 0.474 ( 28 213 2 11)

+ 0.413 0.411 0.934 0.571 0.794 ( 99 142 7 6)

+ 0.173 0.133 0.970 0.234 0.519 ( 32 209 1 12)

+ 0.413 0.411 0.934 0.571 0.794 ( 99 142 7 6)

+ + 0.579 0.598 0.935 0.729 0.867 (144 97 10 3)

+ + 0.579 0.598 0.935 0.729 0.867 (144 97 10 3)

+ + 0.465 0.473 0.927 0.626 0.819 (114 127 9 4)

+ + 0.102 0.054 1.000 0.102 0.292 ( 13 228 0 13)

+ + 0.484 0.490 0.937 0.643 0.832 (118 123 8 5)

+ + 0.102 0.054 1.000 0.102 0.292 ( 13 228 0 13)
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