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Parameter name Value(s)
Dimensionality of the word 100-300
vectors (size)
Maximum distance between the | 5-15
current and predicted word
within the distance (window)
Total frequency threshold 5-15
(min_count) NPV U
No of worker threads to teain the | 8-10
model (workers)
I'raining iterations (epochs) 16-50
Maximum padding length 150-300
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Parameter name Value(s)

Maximum number of words 30-42
(restricted for the same length)

. Number of classes for output layer | 2
Size of the vocabulary 25.000-30,000
Output dimensionality 140-200
Size of the kemel 3-8
Activation functions relu, tanh
Barch size 16,3264
Pooling types 2, maximum
Number of epochs {(number of' 20-50
cycles)

__Dropout rate probability 0.2-0.5

- Optimizer adagrad, adam
Loss function Categorical crossentropy
Number hidden nodes 16-64
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Feature Set ID  Features Used
“Set No. 1 F5, F6, and F7.

Set No. 2 F1 to F13.

Set No. 3 F2. F3, and F4

Set. No. 4 Word Embedding, F5,
6, and F7.

Set No. b Word Embedding.

Set No. 6 All features (F1 to F40).

Set No. 7 All features (F1 to F40)

+ Word Embedding.
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CNN B263% S285% 82937 [SS010 STOSH  S1o0% RO
240N
SVM 8258 K2 58% S2.58%W  SGS4Y 8667 BOORY  SG.THY
NB S263% 1891 83.( 85,10 85,11 .38 TO A0
148 K253 8225 8222 87,25 7.6l R2.3% 85 449%
KNN K178 R1.56% 3096% 8272% B266 82T K251
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