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This research is aimed at developing predictive model for sentiment analysis
from product review with Deep Learning algorithms. The scope of this research is to
use only study case in English language on product review. We split dataset into 2
classes of sentiment that we want to classify as ether positive or negative. We design
experiment into 2 parts. First, we transform text dataset into numerical form that
computer can understand. Then, we develop predictive model based on Deep Learning
algorithms such as Deep Neural Network, Convolutional Neural Network, Long Short-
Term Memory and Gated Recurrent Unit. We evaluate performance of predictive
models with accuracy by using the same source of dataset. Finally, we observe and

record results of this research.
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In Dusseldorf | took my hat off.
But | can't put it back on.

|
l

I'Finl'!’ I?dﬂsseldorf”’ lliI'I’ I'Itookll’ llmyll, !lhat"’ I?Off"’ IT-I'F’
I'Fbutll ,llilI’ llcanlt"’ "pUt", llitll’ llbackll’ llon"’ Fl.!l

(% 1

317 2.3 79619M3911 Word Tokenization
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AUAINICUUDYAUDANITY Glmgmamwmﬂwmﬂ "NG]?N?JﬂTi’E)’t’)ﬂ!L‘]JiJﬂfNﬂ”lﬁW‘l/WlulﬂmﬂﬂﬁVH

QU

Y
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Word Tokenization m”lugﬂuumm 1-gram, 2-gram Qg 3-gram A

"in dlusseldorf",
"dlsseldorf i",
"i took",
"took my",
nmy hat",
"hat off",

In Disseldorf | took my hat off. "off .",

But | can't put it back on. ", but",
"but i",
"i can't",
"can't put",
"put it",
"it back",
"back on"

]
(3 [}

11 2.4 #10819M159519 Token Tuguvves 2-gram

Qan
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"in disseldorf i",

"disseldorf i took",

"i took my",

"took my hat",

"my hat off",

"hat off .",
———"off . but",

" buti",

"but i can't",

"i can't put",

"can't put it",

"put it back”",

"it back on"

In Dusseldorf | took my hat off.
But | can't put it back on.

%

517 2.5 @9819M 5519 Token Tugiiuuved 3-gram

2.3.3 Bag of Words
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4 o a d a J ¥ @ a
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o

Y
adnudnyazuestonuiun laslduann15ue9 One-Hot Encoding (Zhang et al., 2010)
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| am a student at
medical school

| am a medical student 1 1 1 1 0 1 0 0

| am thais student 1 1 1 1 0 0 0 1
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9 a2 9

1 Y
Tugadoyadnaie (Ramos, 2003) %QﬂWiﬁWH’JmﬂZ!Luuﬂ’NNﬁWﬂQJIGIJ?NLWIQZ Token U 923

q U
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MIAMUINAITUNTN 2.1 1AL 2.2 Adll

TF(t,d) = log(1+ freq(t,d)) 2.1
A -
we  TF(t,d) uNUIWIAFY Term Frequency
t ununilsngedlu Document
d uNUAANA 11 Document Ats1au’la

9
Y

A o s 1 o W '3
freq(t,d)  unuanudvesmdnnagula aemannnivualu
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IDF(t,D) = log (I{d 5 c d}I) 2.2)
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TFIDF(t,d,D) = TF(t,d) x IDF(t,D) (2.3)
Lﬁ’ﬂ TFIDF(t,d, D) unuandu Term Frequency — Invert Document
Frequency
TF(t,d) unuandu Term Frequency
IDF(t,D) UNUWIAFY Invert Document Frequency
t unufisngoglu Document
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D N Document Navualugadoya

2.3.5 Word Embedding
Y
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| [0.6, 0.9]

am [0.5, 0.3]

a C—— > [04,02]
medical [0.7,0.3]
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11 2.7 #10619m15 199711 Word Embedding Tumsulasdoyalugiuuy 2 14
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Input Gate Lﬂuwmaﬂ’aﬂiumiﬂmuﬂmayaw%zunmmnmswﬂu Cell Tﬂﬂ

Sudeyariuuierhma@ouniaslilunaaz Cell Aeun13 2.7 (Premjith et al., 2018)

ip = o(Wyixe + Wyiheoy + Weiceq + by) (2.7)

o Ay ¥
UNUAHAENSN 18910 Input Gate
J @ . .
uNUWINYU Sigmoid
1 ﬂo} v o o o
unuANMINd AU Input 11 Input Gate
1 A o Y o
UNUAT Input NUUAIMIAIUIN
1 iol "4 o U o .
UNUANNUIN A TUAIUIY Hidden State 11 Input Gate
' . { o 1 1 Y
UNUA Hidden State 71 Iaunnnmsauis luniienaineunth
1 io/ -7 o o o
UNUANNUENE 1T UAIUIU Memory Cell State 11 Input Gate
1 d' o [] 1 9
UNUAT Memory Cell State 71 1a01nnsamuis lunitenaineunth

1 . ~Aq Y o
UnUA1 Bias N1 umMsmuan 1y Input Gate

< ] ] Aq Y o Y A ) Y a o
Forget Gate nJu‘muaﬂﬂaEJ‘VI1%114m'iﬂmuml’ejagaﬂ%mwmnmﬁzﬁﬂlu

) v
Cell Tagshimsmvuadoyatiunisnzgniuiinuiegnan Tasamsoivua ldninauns

2.8 (Premjith et al., 2018)

ft =

U(foxt i thht—l 3F WCfCt—l + bf) (28)

o Ay Y
UNUAHAA NS 1R91N Forget Gate
Y . .
UNUNINTY Sigmoid
1 90’ CY 9 ol o
unuaimind S umuIn Input 14 Forget Gate
unuA Input ML
1 90/ -7 o - o .
unuAMInd S UA YN Hidden State 11 Forget Gate
UNUAT Hidden State 7 lax191nmsmiua lumilenaineumiin
1 90’ CY 9 ot o
unuAmIng 1S UAIUIY Memory Cell State 11 Forget Gate
UNUAT Memory Cell State 71 1a01nnsamuIs lunitenaineunth

1 . ~q Y o
UNUAT Bias N1 19 umsA U0 10 Forget Gate
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4

<3 T ' o { o a
Memory Cell State Gate 1 uwitggoslumsmuadoyaiindwingzs
o o 1 tﬂ' 9 o g‘/ [ =1 Y d‘
Ty Cell wagyimamuamaniug o lslunsainaluasidn i Tastiaumsaaaunsn

2.9 (Premjith et al., 2018)

Ct = ft - Ct—l + it " tanh(]/chxt + WhCht—l + bC) (29)
o ¢ UNUAT Memory Cell State TUFIHUIBIA
fi unuradnsf 18910 Forget Gate

Creq  MMUA Memory Cell State 9IN1HI8IAADUNTN

i unuFadNEN 189N Input Gate

tanh  unulandu Hyperbolic tangent

W, unuamind U am Input 910 Memory Cell State Gate

Xt UNUAN Input fodanmuon

Wi, unus N mS ALY Hidden State T Memory Cell State Gate
h,_; unuf Hidden State 71 18110 nmsdalumiienaineumih

b UNUA Bias 19 1unsAuIss U Forget Gate

I 1 1 ) [ ) % o oA
Output Gate 11 Un 180T 1MTVNITAINIY Output Y9I Cell FINATNT N 1A
9 9
910 Cell Haziiog 2 0619 1Al Output 118z Hidden State dm5u 14 lumsmuuninall Tag

VauMIAa@un1sh 2.10 uag 2.11 MUa1AU (Premiith et al., 2018)

0 = o(Wyoxe + Wyohe 1 + Weoceq + by) (2.10)
h; = o, -tanh (c;) (2.11)
A v oAy ¥
e o UNUHAE NN 1A910 Output Gate
J @ . .
o UNUNINTU Sigmoid

1 90/ £ 9 g o
Wy,  UnuaANUUNd M5 uA U Input 14 Output Gate
X¢ unua Input ML

1 gcl o o o o .
Who — UNUANHUNAIMSUAIUIY Hidden State 11 Output Gate
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h,_, UMUA Hidden State 1 Idnanmssalumizenaineunth
W, unushmindmiua e Memory Cell State 11 Output Gate
Cooy  UMUA Memory Cell State 71 J@01nM3fua lumizenanounth
b,  unual Bias 719 umsmuanly Output Gate

h; 1UNUA Hidden State 910N13ATUID

2.4.5 Gated Recurrent Unit
MU8A8UNAVNUDTIT2¢ (Gated Recurrent Unit: GRU) §nWAILIAB8DAN
910 LSTM Fawannludiuveanisananusudoulunsiiauves Tasesiiodsyamuuy
LSTM tiipainsuitedoslu Cell S1uamnn deiinaderszansamlumsinnziay
WUI8HA (Chung et al., 2014) Tas GRU lavinisananududeulunsiiauvesInsaiie
Uszanuuy LSTM Taenisaanigdesly Cell tnaoiiiod 2 3w 1Aun Update Gate t1ag

Reset Gate Aduaaaluglan 2.18

! |
\—»‘ Update Gate ‘ ‘ Reset Gate ‘*

Zy I

~ o [ o 4 [ = 1
gﬂﬂ 2.18 G]’Jf]EJNﬂ15‘1/]'l\‘ﬂusl,u!,“]5ﬁa"ll’é]\‘if)ﬁﬂﬂiﬂhiﬂi\i"lﬂﬂﬂigﬂTml‘U‘U GRU

IS T ' A o o 9 ° A o
Update Gate 1iluniitggasiiinisihdeyalimuaiommuagniuzves
9 1
cell dmsulFlumsmunlududall Tasiimsdnalugn q seudfideyadiun d

quN5N 2.12 (Premjith et al., 2018)
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zr = 0(Wypxe + Wpzhey + by) (2.12)

unuA1N 18910 Update Gate

su )
UNUWINTU Sigmoid

Y
UNUANNHENE 1S UA MY Input 11 Update Gate
UNUAT Input MU IUIV

1 %} v o Qv o

unumMInd 1S us1uIa Hidden State 114 Update Gate
UNUAT Hidden State 71 1aunanmsdivna lunidgnainounin

UNUAT Bias 119 lunsmuaaly Update Gate

I ] ] ~Aq Y o 9 J A 3 ' Ay Y
Reset Gate L‘]J‘L!’VT‘L!'JEJ‘(’JE]EJ‘V]GLG]?GI,uﬂ'Iﬁﬂ'l“l’iuﬂsll@Ha’)1ﬂﬂﬁﬂﬂ3lﬂﬂﬂ1ﬁﬂ1u$ﬂ1ﬂ

Y H [
s luassnudnndeaiiosla daaunsn 2.13 (Premijith et al., 2018)

e = O—(varxt + Wpheq + br) (2.13)

unua 14910 Update Gate
J @ . .
UNUWIATY Sigmoid
Y
UnUAININE 1S UAIUIY Input 11 Reset Gate
UNUAT Input NUTIAIUIV
Y
UNUAMHUNE T UAIUIN Hidden State 141 Reset Gate
UNUAT Hidden State 71 lauianmsaiun lunignainounin

1 g d' Y o
UNUAT Bias N9 1140158194281 14 Reset Gate

9
AMTUNTAIUIUNIAN Output L9 Hidden State Y93 GRU UU viUl8g08

) Y Y o { @ o o 1 o Ay Y g‘/ [ o Y
ﬂmiﬂ%muamﬁmﬂm Iﬂﬂ‘ﬂ'lﬂ'liu'lﬂ'lWﬁﬁWﬁ“ﬁl’lﬂ%'lﬂﬂﬂ 2 Gate UIN1NITATUINUAIY

Jd o g}/ 1A ° ' o o 1A o 1A
Wanwu Tanh ﬂ’lﬂuuﬂ’lﬁulﬁlﬂ'lﬂ Reset Gate 3 NIHUAIIIENINITIIAUAY W%’E)Tnﬂ’]i/gl}']\iﬂ'llﬂﬂ

pon 1) tazrhmsnruguilinavesdoyadien1a1n Update Gate Aeun5 (2.14) (Premjith

etal., 2018)



30

ht = (1 - Zt) - tanh(rt - Whhh’t—l + thxt) + Zth’t—l (214)

o h,  unuA1 Hidden State 910N5AIUIGL

Ay Y

2 unuA1n 1ae1n Update Gate
Y

tanh  UNUWINTU Hyperbolic tangent

Ay Y
T, unua1 110 Update Gate

3 v o [} . [l '
Wi tnuanimindmsusuia Hidden State 1A U280 ABUHIN
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1 iol v o o o 1
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] [~ 1 a a
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o d o ] g A2
LL‘JJ‘JJmamuuﬁmﬁm/anJhlﬁ}fJfJNSUmiwﬁu

W a
25  wnasialszans,mw
lumsnaasanisdiuuemssmunlszimnnvesdoya (Classification) 92A9lnN133A
Usz@nsnnmsiauveauuudiasd edsziunuuusiastaiunsatiildldauesald

A 1 U o Y o =< (% 1 (% dy
Wi’f)llll Tﬂﬂ‘VlNﬁ’Ji]ﬂnlﬂ‘lfl"lﬂTiﬂﬂE"liJWIi’Jﬂ@]N ] ANU

251  MIANNGNADY
1 9 A 1 aagqg Y o [ =~ 9 o
ATAITUYNAD (Accuracy) ﬂf]ﬂ'l‘i/ﬂ\?ﬁ'ﬂ@]ﬁl“lfﬁﬂ’i'ﬁ‘lJLIE'EJ‘]JL“V]EJ‘U"U’E]ﬂaljﬁﬂ'lﬂ/]']u'lfl
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Naszmnwaawmﬂmuw ﬂ‘]JNaﬁW‘ﬁVW]"Iu"IEJllﬂ ’Nilﬂ'ﬂiJﬁ?J'WHﬁﬂu@ﬂNlli TagnsmuIma
y 3 Y ¥ a Jo a a . L2 A
ANYNABIUU SABININITAIN WNsnEIadszansnin (Confusion Matrix) YHN Taedl

= o =
510021009 Auaadlun1s1en 2.1
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A15199 2.1 @1519A1979 9 11 Confusion Matrix

Actual
Positive Negative
Positive True Positive (TP) False Positive (FP)
Prediction
Negative False Negative (FN) True Negative (TN)

A A ' Yy = Y 19 v ..
10a15 190 2.1 Went1ddeyal 2 Uszian ldundoyadiuuan (Positive)
nagdoyadIuaY (Negative) @10150095110A1 1uA 21115419 9) Y99 Confusion Matrix 80N 18
I 1
3lu 4 nsal 1dun
o ) I
1. True Positive (TP) vilngdauuuiasseunsniiuedoyailusiunan uay
o v o 3 Y
asanunadnsithwneaduduuan
.. o o I [
2. False Positive (FP) ¥uneaunuiiaosaunsniuedoyailudiunin ua
o J I 9
waansihvunedudua
) o I [
3. False Negative (FN) ¥ungnauuusiaesamisosiinedeyailudiuan ua
[ 4 < 9
waansithvuneduduuan
o o I
4. True Negative (TN) Wanedauiiassamisoiuedeyailuduay uag
[ Y] 4 I 9
asanunadnsithruaduduay
MNToRATAY AWT0INMUIUMANNII UG INEUIAIAINYNADIVDA
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TP+ TN

A — 2.15
Y TP FR L ENS TN @15)

252 AN

1 A .. < 1 Aq Y @ @ a A o
A1ANINBY (Precision) tumnlgd1rsunisiadszansomlumsniiue
o o = @ ' { o < )
VDU VI Iﬂﬁlﬂ'lu’)miﬂﬂ TP !,“I/lEl‘Uﬂ‘Uﬂf?pJ"lJﬁ)\?"lﬁJ}f]ﬂallﬁﬁ‘ﬂ1u1ﬂlﬂué}1uﬂﬁﬂﬂﬁ1’il}ﬂ (TP +

FP) A481uN15N 2.16

Precisi e (2.16)
recision = o0 :
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253 manal viemszan

1 1 I~ 1 { o [ [ a a
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[

o o o o ' o 1 { 14
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| a 3 Y A
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rating

review_text

The content is excellent. The digital format is largely useless.I bought the digital 5th edition to
supplement my paper 4th edition. But, the digital rights management restrictions mean that I can't
print selected pages to stick in a folder, read on the train, or scribble notes on. I can't even cut and
paste particularly relevant bits into an electronic 'notes' file. The onerous digital restrictions are not

suitable for an academic book like this one

The stationery is cute and colorful, but the pages are very cluttered. While the envelopes have spaces
to write addresses and put return labels, the pages are too colorful and bold. A ballpoint or ink pen

doesn't look good on the paper.

The purpose of Nessus is to provide an Open Source Solution for network auditing on all Unix like
systems. This book not only details using Nessus but also comes with a CD containing the program,
as well as Ethereal, Snort, and Newt (a port of the program to the Windows environment). What is a
network assessment? At its basic level it is an attempt to detect a live system and then identify the
computing environment, services, applications, and vulnerabilities on that system. Basically there
are two types of assessment - internal and external. An internal assessment is done over the local
network and external is done from outside the LAN. Nessus will do both types and the book details
how to do either, or both of them.The authors do an excellent job of detailing installation, setup, and
how to interpret the results of a scan as well as various factors that can affect the report. One of the
parts not to be missed is the discussion of not only the benefits but also the potential problems of
scanning your system. Some of the vulnerability types scanned for include buffer overflows, default
passwords, backdoors, information leaks, and denial of service.The Nessus scripting language is
covered in detail in Appendix A instead of the main portion of the book; a choice I appreciated very
much as it allowed the flow of the book to not be interrupted by such a highly technical

section. With Open Source products there generally is no organized technical support phone number
you can call of help. So, the authors include information on how to get help via the Nessus User
Community, mailing lists, and archives.Nessus Network Auditing is a highly recommended book for

anyone interested in auditing their network to find potential problems before they become reality

This is our favorite baby book for reading with our baby/young child. Each of our children, from

ages 9 months to three years, has loved this book. We buy this as a gift for all new babies
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1 def sample():

2 if(True):
3 print("Hello World™)
4 for i in range(1,5):
)
)
7

print(i)
else:
print("Nothing™)
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3. Google Colaboratory
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. Welcome to Colaboratory!

Colaboratory is a free Jupyter notebook environment that requires no setup and runs entirely in the cloud

Introducing Cola

With Colaboratory you can write and execute code, save and share your analyses, and access powerful computing resources, all for free from
your browser.

Introducing Colaboratory
This 3-minute video gives an overview of the key features of Colaboratory:
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74 def create_tfidf(data, min_df=5, max_features=5000, ngram range=(1,3)):
75 tf idf = TfidfVectorizer(min_df=min_df,

76 max_features=max_features,

77 ngram_range=ngram_range)

78 data = tf_idf.fit transform(data)

79 data = data.toarray()

80 return data, tf_idf

81
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5. Gensim

Gensim 111 Library U4 Python (Renfitek and Sojka, 2011) Ngnwauuienis1dau
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1 # Tag document with word
2 def tag_document(x, y):

3 sample_document = [TaggedDocument(words=word, tags=[tag]) for
4 word, tag in zip(x, y)]
5 return sample_document

6

7 # Create Doc2Vec model

8 model_d2v = Doc2Vec(train_tagged, vector_size=NUM_WORDS, window=5,

9 min_count=5, workers=4)

10

11 # Embedding document and create feature

12 def document embedding(document):

13 results = np.array([model_d2v.infer_ vector(record) for record in document])
14 return results

v
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6. Keras
v
Keras (Chollet, 2015) W1l u Library ga W@ u1u1un181 Python 1% 5UN1T
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1 def dnn():

2 model = Sequential()

3 model.add(Dense(500, activation='sigmoid'))

4 model.add(Dense(500, activation='sigmoid'))

5 model.add(Dense (500, activation='sigmoid'))

6 model.add(Dropout(0.1))

7 model.add(Dense(1l, activation='sigmoid'))

8 optimizer = Adam(lr=0.001)

9 model.compile(loss='binary crossentropy',

10 optimizer=optimizer,

11 metrics=[tf.keras.metrics.Precision(),
12 tf.keras.metrics.Recall(),
13 'accuracy'])
14 return model
15

(% 1
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Abstract. Nowadays, online business such as online retailer is very popular.
Customers can order products from the internet and waiting for delivery to their
place. With the online platform that customers cannot see what the real products
look like, they thus rely on the product review posted by other customers and
decide whether to buy or not. The problem of decision making process is that
comments can be positive or negative based on their context not on the given
rating. Hence, we propose to develop sentiment analysis model to classify the
comment message as either positive or negative. We use product review on
amazon.com as the study case. We select reviews of 6 product categories
including book, dvd, electronics, kitchen, music, and video. We develop
multiple models based on various techniques of feature selection and deep
learning. Feature extraction for the text includes Term Frequency - Invert
Document Frequency (TF-IDF), and Doc2Vec, whereas deep learning
algorithms are Deep Neural Network (DNN) and Convolutional Neural Network
(CNN). The models are tested on each category of products. Finally, we
compare the results and found that DNN model with TE-IDF feature extraction
outperform all other models in terms of accuracy, precision, recall, and time to
train the model.

Keywords: Sentiment Analysis, Text Classification, Deep Learning.

1. Introduction

Presently, the internet-based business is very popular among customers because it is very
comfortable for the customers. The rising popularity drives much change in many businesses.
For example, from the retails store, Amazon creates the frontend shop in an online platform.
The social media platform such as Facebook, Twitter, or Instagram has been widely adopted
to sell the online products. This kind of platform provides the channel to the retail stores for
selling their product directly to their customers [1]. But the major problem of online shopping
is that the customers do not see how the real product looks like. Most customers search on the
internet for the reviews of the product they are interested. The opinions of other customers can
help them making decision to buy or not buy the product. The review comment can be either
positive or negative. Customers will confuse with some product that has top comments unclear
of being positive or negative. Moreover, the score that is given to comments may conflict with
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the context in the comment. Such conflict can cause difficulty on making correct decision for
new customers. This problem can be solved with sentiment analysis.

Sentiment analysis is the subject for analyzing data to get insight into the emotions of the
writer. The results from sentiment analysis can help the retail stores for evaluating their
product satisfying among customers. Moreover, sentiment analysis can help the customer to
convey other opinions on the product they are interested in. Mostly sentiment analysis is based
on textual data and handle by humans to classify the text as either positive or negative [2]. This
process is however taken too much time. Nowadays, machine learning is an algorithm that can
mimic how humans think and can act like a human. Machine learning is used in many
businesses and its performance improves exponentially. One major improvement is deep
learning. The success of deep learning is because of the performance of the Graphics
Processing Unit (GPU) that adopted by most deep learning algorithms [3]. Before applying
deep learning to analyze reviews, we need to do feature extraction from textual data because
the computer cannot understand text in natural language as humans do. This process transforms
the text into the vector with numerical representation. Previous work on sentiment analysis by
many researchers provide many use cases to work on textual feature extraction such as
applying Doc2Vec feature extraction on product description and train classify model [4], use
TF-IDF with CNN to detect cyberbully text from social media [5], and use TF-IDF with
support vector machine algorithm to classify movie review [6].

In this research, we aim to develop sentiment analysis models to classify product opinions.
We choose several feature extraction algorithms and deep learning algorithms to build the
models. We compare the performance of the models in terms of accuracy, precision, recall,
and time to train the model.

2. Literature Review

For the last few year, Sentiment Analysis is very popular method to use for analyzing the text
dataset. This method uses on many fields of work but mostly on online business that have
people to discuss on such as Social Network, Online forum, and Online Retailer. Nowadays,
Machine learning and deep learning can make the Sentiment Analysis very

Before we use text data to analyze and develop model, we need to transform text dataset
with feature extraction methods to make computer understandable like human. In traditional,
Bag of Word is very popular method to use for feature extraction, but it cannot find how
importance of rarely word that impact on dataset. Hence, TF-IDF is create with the improve
from Bag of Word by having the statistical that show how importance of rarely word that
impact on dataset [5].

With the emerging technology on deep learning, Word Embedding is the new method of
feature extraction that extract word to feature vector that can calculate the similarity of each
word. However, Word Embedding can only extract only word and cannot deal with long
document well. Hence, Doc2Vec is the method that can create vector feature from long
document. Doc2Vec can take the advantage of deep learning and outperform on text
classification compared with Word Embedding [4].

3. Research Framework

In this work, we design research framework as shown in Figure 1. The objective is to compare
the results obtained from different strategies on modeling building based on various techniques
of feature extraction and deep learning for sentiment analysis. The same framework has been
applied for each category of the dataset. We preprocess data before doing feature extraction
by transforming all characters to be lowercase and removing punctuation. Then, we apply
datasets into the feature extraction and model development.
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Firstly, we perform feature extraction using Term Frequency - Invert Document Frequency
(TF-IDF) and Doc2Vec methods. After that, we develop model based on Deep Neural Network
(DNN) and Convolutional Neural Network (CNN). Finally, we compare the result of all
models.

) 3
Groata TF-DF '
Feature Exvacton
T TF-DF model
| , Feature Exracton
Doczvec moget

Train |
Deep Neursl Network |
Test J[
Deep Newal Network | |

Tost
| Comvorstional Neural
Network

Compare result in term of accuracy precision, recal
time 10 train

Figure 1. Research framework

4. Dataset
We use the study case of product review from amazon.com collected by Blitzer et al [7] to
develop models for sentiment analysis. We select 6 categories of this dataset including book,
dvd, electronics, kitchen, musie, and video. The data examples are shown in Table 1.

Data in each category contain 1000 records of positive opinions and 1000 records of
negative ones. We split the dataset in each category into 70% to be the training set and the rest
30% to be the test as summarized in Table 2 and 3.

Table 1. Example of some review records in dataset.

Rating Text
Positive This is our favorite baby book for reading with our baby/young child. Each of
our children, from ages 9 months to three years, has loved this book. We buy
A this as a gift for all new babies M./
Negative The stationery is cute and colorful, but the pages are very cluttered. While the
envelopes have spaces to write addresses and put return labels, the pages are too

Table 2. Quantity of data records in book, dvd, and electronics categories.

book dvd electronics
Positive Negative Total | Positive Negative Total | Positive Negative Total
Training set 700 700 1400 | 700 700 1400 | 700 700 1400
Test set 300 300 600 300 300 600 300 300 600
Total 1000 1000 2000 | 1000 1000 2000 | 1000 1000 2000
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Table 3. Quantity of data records in kitchen, music, and video categories.

kitchen music video
Positive Negative Total | Positive Negative Total | Positive Negative Total
Training set 700 700 1400 | 700 700 1400 | 700 700 1400
Test set 300 300 600 300 300 600 300 300 600
Total 1000 1000 2000 | 1000 1000 2000 | 1000 1000 2000

5. Feature Extraction and Deep Learning Methods

4.1. Term Frequency — Invert Document Frequency

Term Frequency - Invert Document Frequency (TF-IDF) is the algorithm for counting and
computing importance of words in the document compared to the entire dataset. TF-IDF can
solve the problem of Bag of Word (BoW) algorithm in terms of the importance of the word in
the document by using the statistical method for calculating the importance called Term
Frequency (TF) and Invert Document Frequency (IDF) [8].

TF is the summary of the words from each document calculated from the frequency of word
or phase in token representation for each document, as shown in Equation (1). IDF calculates
the importance of the word from the document compared with the entire dataset, as shown in
Equation (2).

TF(t,d) = log(1+freq(t,d)) (1)
When TF(t,d) is the Term Frequency function,
t is each term of word or phrase in document,
d is each document,
freq(t,d) is the frequency of term of word or phrase t in document d.
D
IDF(t,D) = In( 24 ) (D

l{deD\tez/H

When IDF(t,D) is the Invert Document Frequency function,

t is each term of word or phrase in document,
d is each document,
D is the entire dataset.

After we calculate TF and IDF, we can compute TF-IDF that represents the vector feature
by the product of 2 functions, as shown in equation (3). This vector feature can represent the
word that is rarely found but important in the document datasets.

TFIDF(t,d,D) = TF(t,d)*IDF(t,d) (2)

When  TFIDF(t,d,D) is the TF-IDF function,

TF(1.d) is the value from Term Document Frequency function,
IDE(t,d) is the value from Invert Document Frequency function,
t is each term of word or phrase in document,
d is each document,
D is the entire dataset.

4.2. Doc2Vec

Doc2Vec is part of the word embedding technique. It is an algorithm that uses Continuous
Bag of Words and Skip-Gram model to calculate the vector that represents the documents.
Doc2Vec is developed based on Word2Vec. Unlike the Word2Vec, Doc2Vec does not come
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with the logic or similarity in word. Doc2Vec model that we use in this research is called
Distributed Memory version of Paragraph Vector (PV-DM) that uses for creating features for
classifying document [9].

4.3. Deep Neural Network

Deep Neural Network (DNN) is the simplest form of deep learning. DNN is developed
from neural networks by using a stack of layers of computing nodes that make network deep
and increase the performance to analyze feature in dataset (Figure 3a [10]).

4.4. Convelutional Neural Network

Convolutional Neural Network (CNN) is the algorithm that mimics behavior of human
when looking at object. CNN uses the same behavior by creating the filter that looks into the
data. Filter moves all over the dataset and construct the new feature by combining filtering
results and selecting only the important information in the dataset. Mostly, CNN is used in the
computer vision field but it can also be used for text classification with I dimension CNN as
shown in Figure 3b [11].

|| O — O — o

ORION D
o g b
(a) (b)

Figure 3. The example network in Deep Neural Network (a) and the process of 1 dimension
Convolutional Neural Network (b).

6. Experiments

In our experiment, we firstly compare the results obtained from different feature extraction
techniques: TF-IDF and Doc2Vec. Then, we develop predictive models using DNN and CNN
methods. Performances are compared in terms of accuracy, precision, recall, and time to train.

For TF-IDF, we fix the vocabulary size to be 5000 words with N-gram in range 1-3. We
use data from the training set to create the TF-IDF feature extraction result. For Doc2Vec, we
fix the vector feature-length to be 5000. Then, we use data from the training set to create the
Doc2Vec feature extraction result.

In the model development process, we apply the DNN and CNN algorithms with
parameters as shown in Figure 4. We design this structure for sample experiments to develop
model from DNN and CNN. We design DNN with 3 layers of internal feature extraction with
500 nodes for each layer then we use dropout rate 0.1 to avoid overfitting. We design first
CNN layer with 32 of filter size and 2 of kernel size and second layer with 64 of filter size and
3 of kernel size. Both layers use same padding method and rectifier activation function then
use dropout rate 0.1 to avoid overfitting and flatten to make liner feature for classification. We
design to add 3 layers for feature learning in DNN and CNN model because we get over
parameter and overfitting problem after we add more layers on each model. We use Google
Colab as the main environment as it is free for using Nvidia Tesla T4. We use Python language
to run on Google Colab, NLTK library for preprocessing text data, Scikit-learn for using TF-
IDF function, Gensim for Doc2Vec, and Keras for deep learning models.

153




86

Input Inpust
Fuly Connected ] Convokional 1 Dimension
500 nodes. Sigmoid ackvaton fitors=12, kamal_sz0=2. padding='same’ activation="rel’
Futy Connacios Gonvoluonal 1 Dimension
500 nodes. Sigmoid actvaton fiers=64, kemel sze=3. padding='same’ activatons= relu
Fuly Connected y
500 nodes, Sigmoid actvation Dropout rate 0.1
Dropout rate 0.1 Praten
Fully Connecied Fuly Connocted
1 rodes, Sgmaid actvaton 1 nodes, Sigmod activation
@ ®

Figure 4. Structure and parameter of DNN (a) and CNN (b) model building.

7. Results and Discussion

Our main focus is to observe the performances of two feature extraction techniques (TF-IDF
and Doc2Vec) and two deep learning methods (DNN and CNN). Therefore, the four
comparative scenarios are TF-IDF with DNN, TF-IDF with CNN, Doc2Vec with DNN, and
Doc2Vec with CNN. The comparison has been done on six product categories (book, dvd,
electronics, kitchen, music, and video). The predictive performances on book, dvd, electronics
datasets are displayed in Table 4, whereas the performances on the rest of datasets are shown
in Table 5.

From the results, it can be noticed that DNN model from TF-IDF feature extraction
outperforms other model building methods. But on some categories, such as dvd and kitchen,
the CNN model with Doc2Vec feature extraction has slightly higher recall value. This means
the CNN model with Doc2Vec feature extraction can classify the positive class more correctly
than TF-IDF. The key point that make models from TF-IDF feature more accurately than
Doc2Vec because TF-IDF can analyze, select frequencies words and let rarely word show
importance of its word than Doc2Vec that feature is based on whole document.

Table 4. Results from book, dvd, electronics datasets.

Category book dvd electronics

Feature  Model | Accurac Precision Recall | Accuracy  Precision Recall | Accuracy Precision  Recall
TF-IDF DNN 0.82 4 0.79 0.83 0.83 0.82 0.83 0.83 0.83
CNN 0.81 0.82 0.78 0.82 0.83 0.81 0.82 0.82

0.82
Doc2Vec  DNN 0.74 0.77 0.69 0.71 0.84 0.52 0.71 0.79 0.58

CNN 0.72 0.79 0.61 0.77 0.74 0.85 0.7 0.7 0.71

Table 5. Results from kitchen, music, video datasets.

Category Kitchen music video
Feature Model | Accuracy Precision  Recall | Accuracy Precision  Recall | Accuracy  Precision  Recall
TF-IDF DNN 0.85 0.85 0.85 0.8 0.82 0.77 0.84 0.84 0.83
CNN 0.83 0.82 0.85 0.8 0.81 0.80 0.83 0.83 0.83
Doc2Vee DNN 0.69 0.66 0.79 0.7 0.79 0.54 0.76 0.75 0.76
CNN 0.72 0.67 0.86 0.73 0.75 0.69 0.76 0.76 0.76

Table 6. Time to train model (in second) for each category of datasets

Feature Model book dvd electronics kitchen music video

TF-IDF DNN 3195 3.08s 3145 5055 5105 5.07 s
CNN 18.90 s 18.70 s 18.70 s 18.60 5 18.60 s 18.70 s

Doc2Vee DNN 9.50s 11.20s 855s 8.63s 873s 590s
CNN 16.10 s 17.50 s 14.50 s 14.50 s 14.80 s 798 s
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When considering time to train the models as shown in Table 6, we can see that the time
to train DNN model combined with the TF-IDF feature extraction takes less time the other
combination methods. Models from Doc2Vec feature extraction take more time to train in both
DNN and CNN. In terms of the learning algorithm, DNN has lower complexity of the model
structure than CNN. Therefore, it can be trained faster than the CNN model.

8. Conclusion

This research aims to develop a sentiment analysis model to classify product review comments
on Amazon.com as wither positive or negative. Two feature extraction techniques (TF-IDF
and Doc2Vec) with two deep learning algorithms (DNN and CNN) are studied. We experiment
with 6 categories of the dataset including book, dvd, electronics, kitchen, music, and video.
Then, we compare the results in terms of accuracy, precision, recall, and time to train the
model.

Form the experimentation results, we found that TF-IDF outperforms the Doc2Vec when
considering model accuracy of the overall datasets. TF-IDF feature extraction technique can
be trained with DNN and CNN faster than the Doc2Vec because TF-IDF is based on statistical
computation having lower complexity than Doc2Vec. TF-IDF with DNN outperforms other
methods in terms of accuracy, precision, recall, and the fastest training time.
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