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ABSTRACT

In e-commerce, rapid and accurate automatic product classification according to product
information is important. Recent developments in deep learning technology have been
actively applied to automatic product classification. In order to develop a deep learning model
with good performance, the quality of training data and data preprocessing suitable for the
model are crucial. In this study, when categories are inferred based on text product data
using a deep learning model, both effects of the data preprocessing and of the selection
of training data are extensively compared and analyzed. We employ our CNN model as
an example of deep learning model. In the experimental analysis, we use a real e-commerce
data to ensure the verification of the study results. The empirical analysis and results shown
in this study may be meaningful as a reference study for improving performance when
developing a deep learning product classification model.
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(Figure 1) An Example of Product Classification(or categorization) Process in

e-Commerce
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(Table 1) Related Works On Deep-Learning based Product Classification

Works Deep learning models or classifiers

Cortez et al.[3]

feature weight optimization method, KNN, CFC

Dalal et al.[4]
approach

Naive Bayes, Decision Tree, Neural Network, Support Vector Machine, Hybrid

Aanen et al.[1]

wordNet based algorithm(word sense disambiguation procedure)

Ha et al.[6] RNN based DeepCN

Text Classification-CNN

Zehavy et al[23] || oo Classification-VGGIS

Xia at al.[20] CNN based A-CNN

Skinner{18] LSTM

Yu et al.[22]

Fasttext, TextCNN, VDCNN, TextRNN, AbLSTM

Goumy et al.[5]

Single Classifier, Top Down Classifier, CNN+Glove pre trained word embedding

Krishnan et al.[11] | Multi-CNN, Multi-LSTM
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(Figure 2) Our CNN Model Structures(Left: When the Model Receives a Single
Input, Right: When the Model Receives Multiple Inputs)
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(Figure 3) An Example of Product Data and its Attributes: Name, Category,

Description, and Keyword
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(Table 2> Number of Tokens that Each Preprocessing Step Produces

preMe name keyword description
Removing Duplicate Data and Null Data 489,007 531,069 2,042,127
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(Table 3) Precision, Recall, F1-Score
by Attribute Selection

peﬁonrﬁiﬁfii Preci=| pecan | F17
attribute sion score
name 0.7882 | 0.7908 | 0.7861
keyword 0.7607 | 0.7567 | 0.7514
description 0.6610 | 0.6395 | 0.6362
name, keyword 0.8243 | 0.8251 | 0.8217
name, description 0.8172 | 0.8189 | 0.8158
keyword,description 0.8011 | 0.8021 | 0.798
name, keyword, description 0.8367 | 0.8380 | 0.8354
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description®] A& Z3E <Table 7>= A|A|

(Table 5) Precision, Recall,
Attribute is name

A3}A|, Fl-score A%

HEZut A3t <Figure 8>l 1T Ao
2 A7AsEa, HeA Fl-score 7|+ 0.2

s A4 AWE A g

<Figure 8>& HH dlol8 #Az|wAe] 3
WA G, 5, S5, nullElolElS A 45
name< 0.7429, keyword+s= 0.7381, descrip-
tion 0.60042] Fl-scoreE 247} 7] &3t} o]
o], AA g ] F WA AR FEd ¥
w52} 2} = A7SHA W, name

0.0065, description< 0.0075%+2 Fl-score”}

E524

F1-Score by Each Preprocessing Step when the Input

preprocessing step performance metric | Precision Recall Fl-score
Removing Duplicate Data and Null Data 0.7542 0.7445 0.7429
Removing Special Characters and extra WhiteSpaces 0.7632 0.7492 0.7494
Stemming 0.7882 0.7908 0.7861
Removing Stopwords 0.7822 0.7849 0.7806

(Table 6) Precision, Recall,
Attribute is keyword

F1-Score by Each Preprocessing

Step when the Input

preprocessing step performance metric | Precision Recall Fl-score
Removing Duplicate Data and Null Data 0.7467 0.7418 0.7381
Removing Special Characters and extra WhiteSpaces 0.7457 0.7398 0.7366
Stemming 0.7607 0.7567 0.7514
Removing Stopwords 0.7955 0.7523 0.7477

(Table 7) Precision, Recall,
Attribute is description

F1-Score by Each Preprocessing

Step when the Input

preprocessing step performance metric | Precision Recall Fl-score
Removing Duplicate Data and Null Data 0.6142 0.6060 0.6004
Removing Special Characters and extra WhiteSpaces 0.6223 0.6124 0.6079
Stemming 0.6610 0.639% 0.6362
Removing Stopwords 0.6529 0.6243 0.6230
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(Table 8) F1-Score Change Statistics By Each Preprocessing Step when the Input

Attribute is Name

. preprocessing step| Removing Specia.ﬂ Characters Stemming Removing
metric and extra White Spaces Stopwords
No of increased categories 68 92 44
No of decreased categories 50 26 4
No of unaffected categories 1 1 1
Average increase rate 0.0221 0.0431 0.0244
Average decrease rate -0.0220 -0.0390 -0.0199

(Table 9) F1-Score Change Statistics by Each Preprocessing Step when the Input
Attribute is Keyword

‘ reprocessing step| Removing Specia}l Characters Stemming Removing
metric and extra White Spaces Stopwords
No of increased categories 53 92 3
No of decreased categories 63 24 53
No of unaffected categories 3 3 3
Average increase rate 0.0178 0.0280 0.0157
Average decrease rate -0.0210 -0.0247 -0.0173

(Table 10) F1-Score Change Statistics by Each Preprocessing Step when the Input
Attribute is Description

reprocessing step| Removing Special Characters Sternmin Removing
metric and extra White Spaces e Stopwords
No of increased categories e 90 42
No of decreased categories 39 28 6
No of unaffected categories 1 1 1
Average increase rate 0.0283 0.0451 0.0169
Average decrease rate -0.0241 -0.0338 -0.0329
5 32 = Hlsl 5ol ko] YA kol & &4
3} W AL ) Aol 14 wel B
B QTE ONN Held 298 Akgaiel & Utk AulolEE AHEEE £40] ol
E tolEe FRE o]f: W2k dolHE Wit 9 ¢ 0 4ol ¥ A
Fiow Az $43) A2 dolElzA Ad HE) BF 4%l 0F 4¥Y U we 4
st SAo e dEii Rl A ¥s) S5 Hol&E AS ISkt dAAEE A&
g 2AaqT WA A48T 9 dolgel A BS W Aol AL BRER, FREA A
4 23] 2 WelE vuds ) Al 714 A7 s el Ewo] SA|Nh keyword<e}
S48 BT ALAAE W) Aol M E 2ol 238 el WolxE A9} duk
ok} =3 description®] name®} keywordol) AL & A BE HAo] yFo 7 I
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