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! Count Vectorizer

2 Term Frequency-Inverse Document Frequency (TF-IDF)
® Word Embedding

* Support Vector Machine (SVM)

® Decision Tree (DT)

® K-Nearest Neighbors (KNN)

" Naive Bayes (NB)

8 Logistic Regression (LR)

¥ Decision Fusion

0 Deep Neural Network (DNN)

1 Convolutional Neural Network (CNN)
12 ong Short-Term Memory (LSTM)
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Model: "sequential”

output Shape Param #

embedding (Embedding)

flatten (Flatten) (Mone, 12888) @

dense (Dense) (Mone, 128) 1536128

dropout (Dropout) (Mcne, 128) a

dense_1 (Dense) (Mone, 128) 15512

dropout_1 (Dropout) (Mcne, 128) [}

dense_2 (Dense) (Mone, 128) 15512

dropout_2 (Dropout) (Mcne, 128) [}

dense_3 (Dense) (Mcne, 128) 15512

dropeut_2 (Dropout) (Mone, 128) =

dense_4 (Dense) (Mcne, 128) 15512

dropout_4 (Dropout) (Mone, 128) @

dense_5 (Dense) (Mcne, 1) 129
Gensim Glave Keras

Total params: 22,828,985 21,828,985 22,229,985

Trzinable params: 1,682,385 1,602,385 22,825,585

Non-trainable params: 28,427,588 22,427,688 @
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Model: "sequential”

Layer (type) Output Shape Param #
embedding (Embedding) (None, 48, 2808) 20427600
convld (ConviD) (Nene, 48, 64) 57664
convld_1 (ConviD) (None, 48, 32) 6176
max_poolingld (MaxPoolinglD) (Nene, 13, 32) @
convld_2 (ConviD) (None, 13, 16) 1552
convld_3 (ConviD) (MNene, 13, 8) 392
average_poolingld (AveragePo (None, 4, 8) -]
dense (Dense) (Nene, 4, 1) ]
Gensim Glove Keras
Total params: 29,493,393 28,493,393 28,493,393
Trainable params: 65,793 65,793 28,493,303
Mon-trainable params: 20,427,600 20,427,500 8

CNN iy mas a3 (5 lena (sla el :(P) S5

Layer (type) Output Shape Param #
embedding_1 (Embedding) (None, 48, 3ea) 20427608
Istm_1(LSTM) (None, 28@) 408800
dense_2 (Dense) (None, 128) 25728
dense_3 (Dense) (None, 1) 129
Gensim Glove Keras
Total params: 28,854,257 20,854,257 28,854,257
Trainable params: 426,657 426,657 28,854,257
Non-trainable params: 28,427,500 20,427,600 e
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Layer (type) Output Shape Param #
u}:‘b‘_‘ j-ﬁ\:’-‘ embedding (Embedding) (None, 48, 388) 20427688
- bidirectional (Bidirectional (None, 488) 801680
Early stopping based on
Epochs Y Ep 9
patience=3 on val_loss dense (Dense) (None, 128) 51328
Optimizer Adam dense_1 (Dense) (None, 1) 120
Learning rate le-5 Gensim Glave Keras
Total params: 21,288,657 21,280,657 21,288,657
Trainable params: 853,057 853,057 21,288,657

Batch_size

Loss function

128

binary_crossentropy

Non-trainable params:

28,427,600 28,427,600
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