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Abstract

In general, the task of sentiment classification usually divides samples with emotional tendencies
into two categories: positive and negative. In most theoretical models, the number of samples in
these two categories is assumed to be balanced, while in fact, the two categories are generally un-
balanced in real life. In this paper, a Bi-LSTM network model based on Focal loss is proposed to
classify sentiment for unbalanced sample data. Firstly, 24,190 travel reviews were collected and
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labeled as the dataset of the proposed model, whose positive samples were much more than nega-
tive samples. In order to achieve better classification results, the sample dataset is first divided
into core and non-core samples, and the non-core samples are eliminated to improve the data
quality; secondly, the data were trained with a Bi-LSTM neural network model based on Focal loss;
finally, the test set is validated and the final classification results are obtained. Four evaluation
metrics, accuracy, F1, recall and specificity, are used to judge the model merits. A series of expe-
rimental results show that the Bi-LSTM neural network model based on Focal loss can better solve
the problem of sample imbalance and has better classification performance compared with the
traditional LSTM model classification method.
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Figure 1. Structure of the neural network model
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Figure 2. Word2vec structure diagram
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Figure 3. Structure of the attentional mechanism
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Table 2. Word vector representation of selected data
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Table 3. Evaluation indicators for different platform data test sets
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accuracy Fl1 Recall  specificity
Bi-LSTM 82.81 8292  88.89 78.38
Bi-LSTM-Att 87.5 87.49  90.63 84.38
Bi-LSTM-Att-Focal loss 93.75 93.75 9333 94.12
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20%
10% 1
0% T T T
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Figure 4. Histogram of evaluation indicators for different platform data test sets
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Table 4. Evaluation indicators for the same platform data test set
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accuracy F1 Recall  specificity
Bi-LSTM 90.63 90.63 92.11 85.19
Bi-LSTM-Att 91.06 92.95 92.5 88.89
Bi-LSTM-Att-Focal loss 95.31 95.32 93.55 96.97
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W, F34h, TERANNZAGEE ) b, DARER VPN 4R FR i, FRATTAT DA B 4 I8 5 MR A AN 2 R —
G AR, R HER R EEATE 93% LA b, 1T ISR S MR A 2 7] — 1 & AU B I, 4B 2 f A
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Figure 5. Histogram of evaluation indicators for the same platform data test set
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Figure 6. Folding graph of loss with epoch
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Table 5. Hypothesis testing results
F 5. RIGKIEER

SS df MS F P-value
Bi-LSTM 0.011 1 0.011 14.44 0.008
Bi-LSTM-Att-Focal loss 0172 017 012 968
Bi-LSTM-Att 0.007 1 0.007 24.00 0.002
Bi-LSTM-Att-Focal loss 8125 813 384 713

M 5 LR H P EA/NT 0.05, BIFE4e R, 18 Bi-LSTM-Att-Focal loss 57 [ #EAf R ¢
Bi-LSTM A1 Bi-LSTM-Att # R A b % %= F . B Bi-LSTM-Att-Focal loss #5743 514 B FE AL
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