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/ Parameter CNN BILSTM . . \
Learning rate 0.001 0.001 )'iOLQ"’ L LQ)"‘“‘)L’ )""L(b f“““a"’ )‘ =
Batch size 128 128 O
Hidden dimension 256 Slr de)d WA 8o 1 VLV Jogax
Number of layers 2 - w : . e
Number of flters 100 Y Jgo= 3lee emotion cause coslos
Fllte%‘ size [3, 4, 5] . M] IR
Early stopping patience 20 20 :
Dropout 0.5 0.5
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Acuracy = 98.8% with | [SEAR, Emo Int,
GloVe+EWE and electoral Word2\§c, GloVe, Deep learning
i FastText
SENN on emotion tweets, etc
cause dataset
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Acuracy = 81.16% on
Aman’s dataset & Naive Bayes, Bag of words, Chaffar and
71.69% on Global N-grams,
dataset
F1-score = 68.8% on . .
literary dataset with Sent2Affect Customised embedding| Kratzwald et al.
pre-trained Bi-LSTM GloVe
Training accuracy =
80.41% and 77.54% CNN Word2Vec Shrivastava et al.
with CNN (7 emotions)
Accuracy = 74%, 79% | BERT, RoBERTa,
, 69% for ROBERTa, DistilBERT, il Adoma et al.
BERT, respectively. and XLNet
Generalised linear :
Accuracy = 92% and | model, Naive Bayes, sentistrength, N-gram | Chowanda et al.
recall = 90% fast-large margins and TF IDF
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