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Naver sentiment movie corpus v1.0
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DE:l §I| , %EE} df_train.dropna(inplace= )
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df train.info()

tr dup = sum(df_train.duplicated())

~int(’
print() te dup = sum(df test.duplicated())

dfi;t551:.irrFﬂ{} df train_1[ 'document'] = df _train_1['document'].apply( x: re.sub("["

= df _test 1['document'].apply( x: re.sub("["7

for idx in range(len(df train_1)):
if df train 1.loc[idx, 'document'] == "' or df train 1.loc[idx, 'document'].isspace():

_E_II-% OOl g_?_ I-"j-l df_train_1.drop(idx, axis=8, inplace= )

df train.drop duplicates(inplace=

for idx in range(len(df test 1)):
if df_test_1.loc[idx, 'document'] == "' or df_test 1.loc[idx, 'document'].isspace():
df test 1.drop(idx, axis=0, inplace= )

df test.drop duplicates(inplace=
df_test.dropna(inplace= )

: Al :
index E'I* df train.reset_index(drop= , inplace= index EJLHJ

df train_1.reset index(drop= , inplace=

df_test.reset_index(drop= » inplace= df test 1.reset_index(drop= , inplace=
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nouns_positive [] . . 7
(] vectorizer pos CountVectorizer()

nouns_ negative
vectorizer neg CountVectorizer()
tags noun = ['NNG", "NNP', "NNB', "NP', 'NR']
S _ o vec positive vectorizer pos.fit transform{nouns positive)
for idx in range(len(df train_1)): — i ] - . - .
il = (s peelEiE eeny 4 e ek, Cdmer ] vec negative vectorizer neg.fit transform{nouns negative)
for token in tokens:
if token[1] in tags noun: word pos list = vectorizer pos.get feature names out()
if df train_1.loc[idx, 'label’] ]
nouns_positive.append(token|
elit df train 1.loc[idx, 'label’
nouns_negative.append(token[ word neg list = vectorizer neg.get feature names out()
it idx % 18600 ==
print(idx)

count_pos list = vec positive.toarray().sum(axis=0)

count_neg list = vec_negative.toarray().sum(axis=0)
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For idx in range(len(df train_ 1)):
tmp = []
tokens = komoran.pos(df train 1.loc[idx, 'document'])
for token in tokens:

if token[1] in tags_include and len(token[@]) > 1 and token[@] not in stop words:

tmp.append(token[©])
if len(tmp) > @:
train_tokens 1.append(tmp)
train_target 1.append(df train 1.loc[idx, 'label’])
if idx % 10000 == O:
print(idx)

for idx in range(len(df train 1)):

tmp = []

tokens = komoran.pos(df_train_1.loc[idx, 'document'])
for token in tokens:

it token[@®] not in stop words:

tmp.append(token[8])
if len(tmp) > O:
train_tokens 2.append(tmp)
train_target 2_append(df train 1.loc[idx, '"label’'])
it idx % 10000 == O:
print(idx)
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vectorizer tfidf_1st = TfidfVectorizer(min_df=5, analyzer= test 1st sequences = tokenizer 1st.texts to sequences(test tokens 1st)

vectorizer_tfidf_2nd = TfidfVectorizer(min_df=5, analyzer= test 1st padded = pad sequences(test 1st sequences, maxlen=max_len 1st)

train_vectors tfidf 1st = vectorizer tfidf 1st.fit transform(train_tokens 1st) ) _ . _
test 2nd sequences = tokenizer 2nd.texts to sequences(test tokens 2nd)

test_vectors_tfidf 1st = vectorizer tfidf 1st.transform(test tokens 1st)
test 2nd padded = pad sequences(test 2nd sequences, maxlen=max_ len 2nd)

train _vectors tfidf 2nd = vectorizer tfidf 2nd.fit_ transform(train_tokens 2nd)

test_vectors_tfidf 2nd = vectorizer tfidf 2nd.transform(test tokens 2nd)
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LSTM | Logistic Reg | | SVM
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Embedding output_dim = 100
LSTM units = 128

dropout = 0.2
recurrent_dropout = 0.2

HEM checkpoint?t earlystopping

C2l= ds &

D

M E

model 1st = tf.keras.Sequential()

model 1st.add(tf
model 1st.add(tf
model 1st.add(tf

checkpoint 1st 32

earlystopping 1st

.keras.layers.Embedding( 28373, 100, input shape= ))
.keras.layers.LSTM(128, dropout=0.2, recurrent dropout=0.2))
.keras.layers.Dense(1, activation="sigmoid'))

tf.keras.callbacks.ModelCheckpoint(filepath="/content/drive/
monitor="val :

verbose=1,
save best only=

tf.keras.callbacks.EarlyStopping(monitor="val loss',
patience=3,
verbose=1)



batch = 32921 case? EA

history model 1st.fit(train 1st padded,
train_target_1st,
epochs=10,
callbacks=
batch size
validation_sp
verbose=1) predict = loaded model 1st.evaluate(test 1st padded,
test target 1st,

- loss: ©.4784 - accuracy: 0.7782 UEI"'hDEE':lj
9.44476, saving model to /content/drive/MyDrive/Data Analysis/BDA 77|/Easy Study Project/==

3368/3368 [ - 252s 73ms/step - loss: ©.4784 - accuracy: 8.7782 - val loss: 8.4448 - val accuracy: 8.7894 Pl“iﬂ't(PI‘EdiCt}

Epoch 2/10

3368/3368 [ : Bs )ss: 0.3996 accuracy: 0.8163 N

Epoch 2: val_loss did not .4447¢ 141471414 [======================== : 14ms/step - loss: ©.4436 - accuracy: ©.7912

E;;i;}: - . 73ms fstep loss: ©.3996 accuracy: ©.8163 val loss: 0.4457 val _accuracy: 0.7896 [B.MEEdSEBgE’?ﬂ-BEEdJ B.791243816719

3368/3368 : 8 1ss: B.3527 - accuracy: 8.8484

Epoch ' i improve B ;

3368/3368 2475 73ms/st loss: ©.3527 - accuracy: ©.8484 - val_loss: ©.4698 - val_accuracy: @.7856

Epoch 4/186

3368/3368 [==== : Bs oss: ©.3156 - accuracy: ©.8584

Epoch 4: val lo -

3368/3368 [=—== y 73ms/step - loss: ©.3156 - accuracy: ©.8584 - val_loss: ©.5834 - val accuracy: ©.7824

Epoch 4: early stopping
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batch=32

0.3543

batch=128

0.3645

I

accuracy

0.8457

accuracy

0.8406

19s 14ms/step

31s 20ms/step

19s 13ms/step

31s 20ms/step

batch=64 accuracy
20s 14ms/step

0.3589 0.8426 30s 19ms/step

batch=256 accuracy
19s 13ms/step

0.3672 0.8386 30s 19ms/step
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batch=32

batch=64

batch=128

batch=256

0.4436

0.4443

0.4450

0.4460

accuracy M= A1ZE
0.7912 19s 14ms/step
0.7895 20s 14ms/step
0.7904 19s 13ms/step

0.7889 19s 13ms/step

E20t?2

U

batch=32

batch=064

batch=128

batch=256

accuracy GI= A2t
0.3543 0.8457 31s 20ms/step
0.3589 0.8426 30s 19ms/step
0.3645 0.8406 31s 20ms/step
0.3672 0.8386 30s 19ms/step
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solver (X|&3} 2112 5)
liblinear' : HIOIEHAN0] &0 O£ 2
'Ibfgs','sag' : HIOIEHA0I 20 s 2

max_iter (XI[H B2 214)

D20 £2251T S ZL max iter 1S So 12 IS4 E8
HE FAH E80otH B2 =2 41210l ZHE = U= ©=E

Jt
HA
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Ir = LogisticRegression(random state=0)

params = {'C': [@.1, 1, 18],

ver': ["liblinea
: [1e0, 500,

grid cv = GridSearchCV(lr, param grid=params, cv=3, scoring='accuracy', verbose=2)

grid cv.fit(X train, y train)

print(grid_cv.best_params_, round(grid_cv.best score ,3))

grid_cv.best_params_, grid_cv.best_score

({'C": 1, 'max_iter’': 100, "solwver': 'lbfgs'}, ©.7861368573347306)

best_lr = LogisticRegression(random_state=08, solver="liblinear', max_ iter=18088, C=grid cv.best params [’

best_lr.fit(X_train, y_train)
y_pred = best_lr.predict(X_test)

accuracy 1 = accuracy_ score()

f1_1 = f1_score(y_test, y pred)

print("Accurac , round(accuracy 1, 3))
print("F1 Score:", round(f1_1, 3))

Accuracy: 8.791
F1 Score: ©.788
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LinearSVC M &

1. loss (default="squared_hinge')

e |oss function 8E H4l= 28

® 'hinge'= standard®t SVM IossOIEH, 'squared_hinge'= hinge
lossE M=k A

e 'squared_hinge'E M E6tH 2 lossl [HoH &t penalty 20

2.C (default=1.0)

o I X0 A

o CJtAIOMH E°40| Cr=0lH Z2& ZAHJF EEHYE (XE KL
HE oS0t AZE [OHE)

o CII IH[H W2 ats HIOIHE B0l 208 sXH(QLIE &
[Het =0t ?JQE# ot= oftE O+H)

o CIIHE HOM {2 B2 QXIE 5{SotH HIEZ 1AM
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param_grid = {
'C': [@.01, ©.05, 9.1, 0.5, 1, 5, 10],

"hirnoo" "camnarad hinca'l
ge ':-'_-I_J.:r';'-.-_h_rlliz 13

grid search_1st = GridSearchCV(svc_1st, param_grid, cv=5, scoring='f1', verbose=3)
grid search 2nd = GridSearchCV(svc 2nd, param grid, cv=5, scoring='f1', verbose=3)

grid search_1st.fit(train_tfidf 1st, train_target 1st)

grid search _1st.best params , grid search _l1st.best score_

: 8.1, "loss': 'squared hinge'}, 0.7823090671929631)




accuracy F1 score Precision Recall ROC-AUC
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accuracy

Logistic
0.791

SVM 0.790

F1 score

F1 score



Logistric
Regression

accuracy

F1 score

0.791 0.788
0.833 0.831
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