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Abstract Due to the spread of smart devices and social media, and the increase in product purchases
online, many companies are trying to understand consumers' consumption patterns and thoughts.
Accordingly, the need to understand consumers' emotions by collecting reviews including consumers'
opinions on products or services online is increasing, and related research is being conducted by
domestic and foreign companies and research institutes. However, most of the studies are still focused
on data expressed in English, and many studies and results on sentiment analysis as a lexicon or
machine learning approach for English text have been published. On the other hand, the Korean
language has relatively low accuracy due to the complexity of Korean and the lack of labeling data for
deep learning. To improve these problems, this study utilized a hybrid approach system that improves
the accuracy of sentiment analysis by utilizing the advantages of deep learning and sentiment dictionary
techniques for Korean online reviews. Through this, it was confirmed how much the indicators such as
accuracy, precision, and recall improved. The results of this study are expected to help companies
automatically analyze and utilize a large amount of online reviews in the future.

Key Words : Smart devices, Social media, Consumer sentiment, Sentiment analysis, Deep learning,
Sentiment dictionary, Bi-LSTM
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[Fig. 9] Sentiment Analysis flow chart
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path = ‘fcontent/drive/My Drive/proj’

df = pd.read_csvipath + ‘/sentinent_dataset.cev’', sep=',", encoding='utf-8')

df .head()

review asPect asPeCt o arity

term category

o HEITIRA X ua aasl_ﬂ n = proes A5 negative
’ B A A4S G LI 2. AL A positive
, MgE 7t negative
, s & negative
. 1A 7 positive

[Fig. 10] Dataset for analysis

from sklearn.model_selection import train_test_split

df_train, df_test = train_test_split(df, test_size = 0.2)
print{len{df_train), len{df_test))

5000 2000

X_test =[]
for ¢, sentence in enumerate(df_test[review]): #for sentence in
review['document’]:
temp_X =[]
temp_X = okt.pos(sentence, stem = True)

temp_X = [word for word in temp_X if not word in
stopwords]
temp_e = []

for i in temp_X:
if (i(1] == 'Adverb) or (i[1] ==
temp_e.append(i[0])
X_test.append(temp_e)
from tensorflow.keras.preprocessing.text import Tokenizer
max_words = 35000
tokenizer = Tokenizer(num_words=max_words) # &¢|
35,0007H2] HHofgt HE
tokenizer.fit_on_texts(X_train)
X_train = tokenizer.texts_to_sequences(X_train)
X_test = tokenizer.texts_to_sequences(X_test)

'Adjective)):

4.2.2 B Of7 &l

max_features = 15000

batch_size = 64

epoch = 100

model_Istm = Sequential()
model_lstm.add(Embedding(max_features, 100))
model_lstm.add(LSTM(128))

model_lstm.add(Dropout(0.5))

model_lstm.add(Dense(1, activation='sigmoid))
model_lstm.compile(optimizer="Adam’,
loss="binary_crossentropy', metrics=[‘acc’,f1_m,precision_m,
recall_m]) # binary_crossentropy sparse_categorical_crossentropy
history_lstm_Adam = model_Istm.fit(X_train, y_train, epochs=
epoch, batch_size = batch_size, validation_split=0.2, verbose = 0)

tho] &3 £4%HLoss), T F&(Aco), A
(Val_loss), #A% A= (Val_aco)E 3|AET 7|52
5ol &lgit.

SEUoA = Ags BES Antdsty] s Bagt
metulE F SPIEA Y FEHelA Y] 712 A
ARgsto] 9]9] A0} Zho] melo] Aol & Fig. 1137
Zo] gk og RNNoJA| @o] AM-5H= RMSProp,
o2fu|e 9] gho] Aullo|Ex= §lko] oJsf shsEel 24
A= 2d meulE S5EE AMEShe Adagrad, 1
2]al RMSProp®ll ZHlglo] A-&H Adam, FEZH A}
59 (Stochastic Gradient Descent)?] SGD7HA] 4
FTHE ol&sto] H5E7HE tE wETeIAE 85Y
Z Ao)7t gloEE AdamC & 45 B7HE ZPstoich
batch_sizet= gt Hof HA| 5ol o2 uujuf
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Wi, iter_num< 7FgA| A& 2 HoR=A], epoch
shte] mlUEf|o] thoto] 73A1S 2 W sfjof AA| &

2 HolEo] sho] F5eAE Lehict.

model koss
B8 | —— msprop
Adagrad
ps | T Adam
B4 1
n
=
03 A
B2 A
1 A

v v v v T T
B 45 EL TFEOKB® 123 1R ITS

=]

[Fig. 11] Training Set's learning loss by epoch
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sparse_categor ical_crossent ropy

Drepout = 0.5

Oense = 5
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Dense = §

Adan loss: 0,B3024712909171445 aceuracy: 0,757 1 score: 0,8514397 precision: 0,6866399 recal I+ 1,1306047
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binary_orossent rapy

Drepout = 0.5

Dense = 1
Adem l0ss: 1,1075766568191867 accuracy: 0,755 11 score: 0,8328713 precision: 0,798617 recall: 0,87467485

[Fig. 12] Test parameter settings
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(Table 4) LSTM test result

Precision Recall Accuracy F1-score

0.798 0.874

0.755 0.832
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from tensorflow.keras.layers import Dense, Embedding,
Bidirectional, LSTM,

Concatenate, BatchNormalization
from tensorflow.keras import Input, Model
from tensorflow.keras import optimizers
sequence_input = Input(shape=(max_len,), dtype=int32")
embedded_sequences = Embedding(vocab_size, 128,

input_length=max_len)(sequence_input)
Istm, forward_h, forward_c, backward_h, backward_c =
Bidirectional

(LSTM (128, dropout=0.5, return_sequences=True,
return_state=True,

recurrent_activation="relu’,
recurrent_initializer='glorot_uniform'))
(embedded_sequences)

learning_rate = 0.0001
state_h = Concatenate()([forward_h, backward_h]) # 24 AfEf
state_c = Concatenate()([forward_c, backward_c]) # Al A
attention = BahdanauAttention(128) # 7t5X| 37| &2
context_vector, attention_weights = attention(Istm, state_h)
hidden = BatchNormalization()(context_vector)
output = Dense(1, activation="'sigmoid’)(hidden)
biresult = []
op_adm = optimizers.Adam(Ir=learning_rate, clipnorm=1.)
op_rms = optimizers.RMSprop(Ir=learning_rate, clipnorm=1.)

2 oje 7S sty 919 9, olehe a2z
ot o] gt

loss_SGD, accuracy_SGD, f1_score_SGD, precision_SGD,
recall_SGD = model_SGD.evaluate(X_test, y_test, verbose=0)
print(history_SGD.history.keys())
plt.plot(history_SGD.history['loss'])
plt.plot(history_SGD.history['val_loss)

plt.title(model loss')

plt.ylabel('loss')

plt.xlabel('epoch’)

plt.legend(['train’, 'test’], loc="upper left)

plt.show()

model loss
= frain
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[Fig. 13] Loss by epochs

Test(1)

Adam
Dropout = 0.5, Dense =1
Loss : 0.4955210409164429
Accuracy : 0.767
Precision : 0.82222986
Recall : 0.85974735

Test(2)

RMS
Dropout = 0.5, Dense = 1
Loss : 0.4961269335746765
Accuracy : 0.7685
f1 Score : 0.83813566
Precision : 0.82440823
Recall : 0.8581106

[Fig. 14] Bi-LSTM Paramater setting

(Table 5) LSTM and Bi-LSTM evaluation comparison

Model Precision Recall Accuracy F1-score
LST™M 0.686 1.130 0.757 0.851
Bi-LSTM 0.824 0.858 0.768 0.838

e} Zo] LSTMI} Bi-LSTMO] precision® Fl1
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POS Morphological analysis : POS Tagging

b

emotional word

emotional
dictionary

Sentiment score extraction

s

Polarity direction verification,
a score increase or decrease

T

Derivation of emotional index

[Fig. 15] Elaboration processing sequence using
emotional dictionary
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(Table 6) Result of Okt morpheme analyzer
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(AL, 'Adjective), (LIE, Noun'), (o', "Josa)), ('LX[,
Verb), (UL, Verb), (...", 'Punctuation’), (HQF,
EAb 'Noun'), (TS, 'Noun'), (¢l Josa) (‘MAOIQ', 'Adjective),
(..., 'Punctuation’), (M4, 'Noun’), (=2, 'Noun),
(OFOO 'Adjective’)
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5 | S5
%3

{Table 7> 5 Scale score for dataset

Polarity of Data Set PO"?”W score of evaluation
emotional dictionary
. 2 strong positive
Positive —
1 Positive
- 0 neutrality
-1 Denial
negative
) strorwg
Denial

wEhA o AGAPAS o83t A HEe A
Ao sE wyQlo] 7H4 dojo] tig] Fgkwr} Yot
LSTM¥} Bi-LSTME Edo]d To|E 24 S5AI7=
g oz A}

RS / epoch 20 bsth 60

loss: D,48540743847824906 / acourecy: 07944884 / i1 score: 0,8839855 / precision: 081444055 / recs!|: 0,9248205

RMS / epoch 40 bstch 128
loss: D,4760542898646591 / accurecy: 0,7310765 / 11 score: 0,8610153 / precision: 0,8195544 / recall: 09117173

RS / epoch 40 bstch 60

loss: D,4758133239831984 / eccurecy: 0,78938454 / 1 score: 0.85751533 / precision 08331971 / recsl|: 0,8939869

ADAM / epoch 20 batch 60
RS 1035: 0,4877341540098056 / eccuracy: 0,7833371 / f1 score: 0,85062336 / precision: 062765237 / recall: 09014269

[Fig. 16] Hybrid approach method results
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