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1. Data Collection and Preprocessing
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Table 2. Aspect F1 scores of Male cosmetics category test

Aspect F1 score
7t 0.98296
7|ls/&3t 0.89723
C| xkel 0.98039
EES 0.96470
HeH/s2H/EEY 0.96363
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HNE 0.98630
= 0.94680
2 0.96470
F&7|8 0.97637
271/o (&) 0.81720
A=A 0.88030
HEF4M 0.90506
M & 0.95652
NEEAE 0.96794
Hold/et 84 0.90346
=2 0.93129
| £ et 0.94308
2} 0.99004
=7 0.93854
Table 3. Sentiment F1 score of Male cosmetics category
Iltem Value
F1 score 0.89447

IV, Experiments
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Fig. 1. Aspect dashboard
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Fig. 2, Sentiment dashboard

V. Conclusions
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