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Abstract

1. HT Dataset Binary Classification Results

Refer table 1 and 2 for binary classification results on raw-original annotations and scenario-C
annotations by domain experts respectively.

2. MT Dataset Binary Classification Results

Refer table 3 and 4 for binary classification results on raw-original annotations and scenario-C
annotations by domain experts respectively.
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Table 1. HT Dataset Binary Classification Results with original labels

. . Test-Set
Model Emojis Embeddings
Fl-hate Fl-nohate Fl-macro avg
TF-IDF 0.71 0.61 0.66
Yes
FastText 0.75 0.62 0.68
SVM
N TF-IDF 0.71 0.61 0.66
o
FastText 0.75 0.62 0.68
TF-IDF 0.72 0.58 0.65
Yes
. FastText 0.65 0.52 0.59
Decision Tree
N TF-IDF 0.72 0.58 0.66
6]
FastText 0.68 0.57 0.62
TF-IDF 0.74 0.57 0.66
Yes
FastText 0.78 0.65 0.71
Random Forest
N TF-IDF 0.76 0.6 0.68
o)
FastText 0.78 0.63 0.7
TF-IDF 0.74 0.59 0.67
Yes
FastText 0.76 0.65 0.71
XGBOOST
N TF-IDF 0.74 0.54 0.66
6]
FastText 0.74 0.63 0.69
Yes 0.77 0.69 0.73
GRU FastText
No 0.75 0.66 0.7
. Yes 0.75 0.64 0.7
Bi-LSTM FastText
No 0.78 0.63 0.7
Yes 0.74 0.61 0.67
CNN FastText
No 0.66 0.62 0.64
Yes 0.84 0.81 0.83
BERT bert-base-uncased

No 0.79 0.72 0.75
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Table 2. HT Dataset Binary Classification Results with additional labels

. . Test-Set
Model Emojis Embeddings
Fl-hate Fl-no hate Fl-macro avg
TF-IDF 0.74 0.64 0.7
Yes
FastText 0.74 0.64 0.69
SVM
N TF-IDF 0.74 0.64 0.7
o)
FastText 0.73 0.63 0.68
TF-IDF 0.66 0.54 0.60
Yes
o FastText 0.69 0.55 0.62
Decision Tree
N TF-IDF 0.72 0.59 0.65
o)
FastText 0.61 0.48 0.54
TF-IDF 0.75 0.59 0.67
Yes
FastText 0.8 0.65 0.74
Random Forest
N TF-IDF 0.74 0.61 0.67
[§)
FastText 0.81 0.68 0.74
TF-IDF 0.7 0.59 0.65
Yes
FastText 0.74 0.67 0.71
XGBOOST
N TF-IDF 0.7 0.59 0.65
o)
FastText 0.82 0.77 0.79
Yes 0.83 0.79 0.81
GRU FastText
No 0.84 0.75 0.79
. Yes 0.85 0.74 0.79
Bi-LSTM FastText
No 0.79 0.75 0.77
Yes 0.82 0.77 0.79
CNN FastText
No 0.81 0.76 0.79
Yes 0.86 0.79 0.82
BERT bert-base-uncased

No 0.83 0.79 0.81
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Table 3. MT Dataset Binary Classification Results with original labels

. . Test-Set
Model Emojis Embeddings
Fl-hate Fl-nohate Fl-macro avg
TF-IDF 0.71 0.6 0.66
Yes
FastText 0.72 0.57 0.65
SVM
N TF-IDF 0.7 0.59 0.65
o
FastText 0.73 0.58 0.65
TF-IDF 0.68 0.56 0.62
Yes
. FastText 0.65 0.55 0.6
Decision Tree
N TF-IDF 0.67 0.52 0.6
6]
FastText 0.62 0.51 0.57
TF-IDF 0.75 0.56 0.65
Yes
FastText 0.73 0.56 0.64
Random Forest
N TF-IDF 0.73 0.54 0.63
o)
FastText 0.78 0.63 0.7
TF-IDF 0.69 0.53 0.61
Yes
FastText 0.72 0.58 0.65
XGBOOST
N TF-IDF 0.71 0.58 0.65
6]
FastText 0.73 0.61 0.67
Yes 0.76 0.68 0.72
GRU FastText
No 0.73 0.68 0.7
. Yes 0.72 0.55 0.64
Bi-LSTM FastText
No 0.64 0.7 0.67
Yes 0.7 0.67 0.68
CNN FastText
No 0.7 0.57 0.63
Yes 0.78 0.74 0.76
BERT bert-base-uncased

No 0.75 0.67 0.71
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Table 4. MT Dataset Binary Classification Results with additional labels

. . Test-Set
Model Emojis Embeddings
Fl-hate Fl-no hate Fl-macro avg
TF-IDF 0.68 0.51 0.6
Yes
FastText 0.72 0.61 0.66
SVM
N TF-IDF 0.68 0.51 0.6
o)
FastText 0.68 0.57 0.62
TF-IDF 0.69 0.54 0.62
Yes
o FastText 0.55 0.45 0.51
Decision Tree
N TF-IDF 0.66 0.45 0.55
o)
FastText 0.65 0.42 0.53
TF-IDF 0.71 0.49 0.6
Yes
FastText 0.75 0.63 0.69
Random Forest
N TF-IDF 0.66 0.44 0.55
[§)
FastText 0.81 0.68 0.74
TF-IDF 0.67 0.47 0.57
Yes
FastText 0.69 0.57 0.63
XGBOOST
N TF-IDF 0.7 0.57 0.64
o)
FastText 0.69 0.66 0.67
Yes 0.77 0.64 0.705
GRU FastText
No 0.74 0.65 0.7
. Yes 0.79 0.7 0.74
Bi-LSTM FastText
No 0.58 0.63 0.61
Yes 0.77 0.67 0.72
CNN FastText
No 0.76 0.67 0.71
Yes 0.76 0.74 0.75
BERT bert-base-uncased

No 0.71 0.66 0.68




