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(Figure 2) 2x2 Max Pooling Operation
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(Table 1) Architecture

Index Architecture Description
3.1.1 Convolution Neural Network Design Design of convolution filters and pooling
3.12 Heterogeneous Information Integration Method of structured and unstructured information integration
3.13 Unstructured Information Vector Conversion | Method of converting unstructured VOC data to vector
3.14 Multi-layer Perceptron Design Design of hidden layers and nodes
Structured
information O @
O O
O @
O
O @ )
vYOC () O
O O
Unstructured O O
information Convolution Pooling Convolution Pooling Fully connected
Feature extraction Classtfication

(Figure 4) CNN Design
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(Table 2) Heterogeneous Information Integration

Integration Configuration Description Topology
®
® ® ®
The structured and unstructured information
Horizontal Deep Integration | consists of two hidden layers using the same level
input variables ® ® &
®
The unstructured information consists of two ® ® @
. hidden layers, the structured information is
Double Wide & Deep . .
. connected to the output nodes without hidden
Integration
layers, and the structured and unstructured ® @ ¢
information are combined at the output nodes
®
The structured information consists of two hidden
. L [ I )
. layers, the unstructured information is connected to
Double Deep & Wide . .
. the output nodes without hidden layers, and the
Integration . .
structured and unstructured information are ® @
combined at the output nodes
]
The structured and unstructured information are
. . . connected to the output nodes without hidden ® &
Horizontal Wide Integration . P . .
layers respectively, then both information are
combined at next output nodes
®
structured and unstructured information go through ® o ® & &
Double Deep & Deep . .
Inteeration two hidden layers and combine them at the output
er node ® o ® @& @
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(Table 3) Definition of Target Variables

Target Variables Definition

Customers purchasing within 7 days after the last date of activity(last date of purchase date

R« h s
epurehaser or VOC registration date

Customers who will not make purchases within 180 days(6 months) after the last date of

h
Chumn activity(last date of purchase date or VOC registration date)

Customers purchasing more than 3 times in total after base date

Frequent shopper . . . .
4 PP % The cumulative ratio of 50% customers is 3 times

Customers who return more than 2 times in total after Base date

Frequent refund shopper . . . .
q PP % The cumulative ratio of 75% customers is 2 times

Customers who purchase more than KRW 200,000 as the total sum after Base date

High h
igh amount shopper 3% The cumulative ratio of 50% customers is KRW 216,875

Customers who purchase at a discount of KRW 2,500 or more after base date

High discount shopper 3% The cumulative ratio of 75% customers is KRW 2,500

Base date(2011.2.1)

Input data Target variables

Train|dataset +7D

- B i+ & Repurchaser
Last date of activity €__

»® Chirn
+180D

Frequent shopper{over 3 times)

Frequent refund shopper(over 2 times)

— VOC High amount shapper{over 200,000 KRW)
20111 High discount shopper({over 2,500 KRWV)
Test dataser i .
] Customer profile, Transaction data Transaction data
2010.5 20111 20112 20123

(Figure 5) Experiment dataset
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(Table 4) Statistic of Target Variables

Target Variables T/IF Frequency Ratio
T 7,504 31.76%
Repurchaser
F 16,121 68.24%
T 20,877 88.37%
Churn
F 2,748 11.63%
T 11,429 48.38%
Frequent shopper
F 12,196 51.62%
T 6,117 25.89%
Frequent refund shopper
F 17,508 74.11%
T 11,567 48.96%
High amount shopper
F 12,058 51.04%
T 5,758 24.37%
High discount shopper
F 17,867 75.63%

322 AE HolH

U A 28] £FE0 AR A HE, 1
g d2ER ZAEH VvOC AHEE 29 fo]g
£ 3t HolE F& 7|ES a3 2T 2011
9 1EME) F VOCE ¢ A ol 558 =
T 1A 4794785 GO &2 Aelstal o] i
IS 1A 229U 7 2010 9L HE] 2012
| 3Y7HA] F 197043k A dlolE], 181
17143t 59 vOC dlolgoltt. 17 &3}
Yol = AE(Gender), A FF(Status of
children), Z2& o] (Marital status), Uo](Age)=
TE o] T A A FA ol 73.2%%

2|

°F 26.1%, AY %= AU dF ol
20.8%9} °F 79.2%, AE oJR= AES F59}

e A7t oF 33.8%<F F 66.2%, Ul 30T
7} 748 B 53.2%9F 1 v o= 40t} 200
7} 252%%} 14.7%= wEET A AR
= Ul 3 Number of purchase), ¥ 3l
(Number of refund), T T <H(Amount of
purchase), &<l = (Amount of discount), B2C
o] 3 <(Number of purchase in B2C )¢} B2E
(¥2A9) T 34 (Number of purchase in B2E)
2 FAHE o] F Tl 35 HiS 4.693],
W 3] e 1683, THlE ] Wit
506,802, &<l Fqe] Ht2 2,196, B2Ce}
B2E 7 3= A7 3.913]9} 0.793] & YER
Atk VOCE= 1A4o] A& P2 o= 24 Q1Y
”")ﬂ TEE g2Eon F8 Y& alE, v
F, Fa, 4F 8989 diEoy Eol}lth

71~71—
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(Table 5) Demographic variables

Variables Component Frequency Ratio
Male 12,513 26.1%
Gender Female 35,102 73.2%
Nan 332 0.7%
T 9,983 20.8%
Status of children
F 37,964 79.2%
T 16,213 33.8%
Marital status
F 31,734 66.2%
Teenager 126 0.3%
20s 7,077 14.7%
30s 25,526 53.2%
Age 40s 12,213 25.5%
50s 2,318 4.8%
More than 60 355 0.7%
Nan 332 0.7%
(Table 6) Transaction variables
Variables Statistics Variables Statistics
4.69 mean 1.68
std. 17.32 std. 3.15
min 1.0 min 0.0
Number of purchase Number of refund
25% 1.0 25% 0.0
50% 3.0 50% 1.0
75% 5.0 75% 2.0
mean 506,802 mean 2,196
std. 2,349,575 std. 4,595
min 1 min 0
Amount of purchase Amount of discount
25% 90,058 25% 0
50% 216,875 50% 0
75% 517,120 75% 2,500
Number of purchase in B2C mean 391 Number of purchase in B2E mean 0.79
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(Table 7) Architectures of The Proposed Model

Index Configuration mode Optimal performance
3.1.1 Convolution Neural Network Design char2vec, 3.2 3% Filters, 5x5 Max-pooling,
2 Convolution layers
3.1.2 Heterogeneous Information Integration Horizontal Deep Integration
. . Out-of-Domain, 300D
3.13 Unstructured Information Vector Conversion % NBC, SVM . ANN : doc2vec
3.14 Multi-layer Perceptron Design Case3(Layer: 2, Node: 128, 64)
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(Table 8) Accuracy of Repurchaser

Methods Structured Information Unstructured Information Both
NBC 50.83%(+/-0.34%) 50.38%(+/-0.53%) 51.85%(+/-0.51%)
SVM 51.63%(+/-1.01%) 53.63%(+/-1.83%) 55.48%(+/-1.47%)
ANN 57.18%(+/-1.22%) 61.59%(+/-1.49%) 66.42%(+-0.83%)
CNN - 62.99%(+/-1.20%) 67.07%(+/-1.17%)

(Table 9) Accuracy of Churn

Methods Structured Information Unstructured Information Both
NBC 56.12%(+/-1.36%) 51.75%(+-0.67%) 57.56%(+/-0.40%)
SVM 57.15%(+-1.31%) 55.32%(+/-1.23%) 58.57%(+/-1.40%)
ANN 68.23%(+/-0.53%) 66.48%(+/-1.43%) 74.16%(+-1.05%)
CNN - 67.49%(+/-1.12%) 77.89%(+/-0.18%)

(Table 10) Accuracy of Frequent shopper

Methods Structured Information Unstructured Information Both
NBC 53.33%(+/-2.01%) 50.29%(+/-0.26%) 57.46%(+/-0.14%)
SVM 57.59%(+/-1.17%) 54.14%(+/-1.11%) 63.22%(+/-1.07%)
ANN 68.54%(+/-0.70%) 67.83%(+/-1.82%) 71.02%(+/-0.65%)
CNN - 69.71%(+/-1.59%) 73.55%(+/-1.17%)

(Table 11) Accuracy of Frequent refund shopper

Methods Structured Information Unstructured Information Both
NBC 50.85%(+/-0.46%) 50.28%(+/-0.27%) 52.07%(+/-0.51%)
SVM 58.12%(+/-0.80%) 57.59%(+/-1.40%) 58.34%(+/-1.19%)
ANN 72.51%(+-0.67%) 71.01%(+/-1.44%) 76.59%(+/-1.24%)
CNN - 73.64%(+/-1.65%) 78.23%(+/-1.42%)
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(Table 12) Accuracy of High amount shopper

Methods Structured Information Unstructured Information Both
NBC 51.29%(+/-0.36%) 51.83%(+/-1.14%) 56.65%(+/-1.03%)
SVM 58.93%(+/-0.27%) 60.83%(+/-1.32%) 66.11%(+/-1.53%)
ANN 75.22%(+/-0.52%) 78.77%(+-1.43%) 85.30%(+/-1.49%)
CNN - 82.88%(+/-1.64%) 87.66%(+-2.16%)

(Table 13) Accuracy of High discount shopper

Methods Structured Information Unstructured Information Both
NBC 50.84%(+/-0.29%) 51.15%(+/-0.32%) 52.11%(+/-0.48%)
SVM 54.58%(+/-1.61%) 52.07%(+/-1.30%) 58.40%(+/-1.51%)
ANN 64.57%(+/-0.91%) 62.88%(+/-1.21%) 77.40%(+/-1.69%)
CNN - 67.52%(+/-1.52%) 79.18%(+/-1.21%)

(Table 14) F1 Measure of All Target Variables

Target Variables

ANN

CNN

(Structured and Unstructured)

(Structured and Unstructured)

Repurchaser

53.66%(+/-1.37%)

55.03%(+/-1.42%)

Churn

78.86%(+/-1.21%)

85.45%(+/-1.51%)

Frequent shopper

70.01%(+/-1.58%)

73.78%(+/-1.29%)

Frequent refund shopper

60.57%(+/-1.26%)

64.12%(+/-1.52%)

High amount shopper

80.97%(+-1.61%)

85.16%(+/-1.33%)

High discount shopper

63.17%(+/-1.43%)

65.72%(+/-1.55%)
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Abstract

Customer Behavior Prediction of Binary Classification
Model Using Unstructured Information and
Convolution Neural Network:

The Case of Online Storefront

Seungsoo Kim* - Jongwoo Kim**

Deep learning is getting attention recently. The deep learning technique which had been applied in
competitions of the International Conference on Image Recognition Technology(ILSVR) and AlphaGo is
Convolution Neural Network(CNN). CNN is characterized in that the input image is divided into small
sections to recognize the partial features and combine them to recognize as a whole. Deep learning
technologies are expected to bring a lot of changes in our lives, but until now, its applications have been
limited to image recognition and natural language processing.

The use of deep learning techniques for business problems is still an early research stage. If their
performance is proved, they can be applied to traditional business problems such as future marketing
response prediction, fraud transaction detection, bankruptcy prediction, and so on. So, it is a very
meaningful experiment to diagnose the possibility of solving business problems using deep learning
technologies based on the case of online shopping companies which have big data, are relatively easy to
identify customer behavior and has high utilization values. Especially, in online shopping companies, the
competition environment is rapidly changing and becoming more intense. Therefore, analysis of customer
behavior for maximizing profit is becoming more and more important for online shopping companies.

In this study, we propose 'CNN model of Heterogeneous Information Integration' using CNN as a
way to improve the predictive power of customer behavior in online shopping enterprises. In order to
propose a model that optimizes the performance, which is a model that learns from the convolution neural

network of the multi-layer perceptron structure by combining structured and unstructured information, this
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model uses 'heterogeneous information integration', 'unstructured information vector conversion', ‘multi-layer
perceptron design’, and evaluate the performance of each architecture, and confirm the proposed model
based on the results. In addition, the target variables for predicting customer behavior are defined as six
binary classification problems: re-purchaser, churn, frequent shopper, frequent refund shopper, high amount
shopper, high discount shopper.

In order to verify the usefulness of the proposed model, we conducted experiments using actual data
of domestic specific online shopping company. This experiment uses actual transactions, customers, and
VOC data of specific online shopping company in Korea. Data extraction criteria are defined for 47,947
customers who registered at least one VOC in January 2011 (1 month). The customer profiles of these
customers, as well as a total of 19 months of trading data from September 2010 to March 2012, and VOCs
posted for a month are used. The experiment of this study is divided into two stages. In the first step,
we evaluate three architectures that affect the performance of the proposed model and select optimal
parameters. We evaluate the performance with the proposed model.

Experimental results show that the proposed model, which combines both structured and unstructured
information, is superior compared to NBC(Naive Bayes classification), SVM(Support vector machine), and
ANN(Artificial neural network). Therefore, it is significant that the use of unstructured information
contributes to predict customer behavior, and that CNN can be applied to solve business problems as well
as image recognition and natural language processing problems. It can be confirmed through experiments
that CNN is more effective in understanding and interpreting the meaning of context in text VOC data.
And it is significant that the empirical research based on the actual data of the e-commerce company can
extract very meaningful information from the VOC data written in the text format directly by the customer
in the prediction of the customer behavior. Finally, through various experiments, it is possible to say that
the proposed model provides useful information for the future research related to the parameter selection

and its performance.

Key Words : Customer Behavior Prediction, Deep Learning, Convolution Neural Network(CNN), Voice of
Customer(VOC)
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