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Abstract: Online auction is a huge growing business. Most of online buyers face a big problem
of predicting the seller’s behavior to submit a reasonable price for wining a bid. Unfortunately,
auction web sites e.g. eBay provide only a user ID or nickname to identify a consumer. This
situation built up a wall between users for truly knowing each other. To overcome such a prob-
lem, this research proposes a neural network model called SOM to segment online auction cus-
tomers into homogenous groups. Based on the segmented groups, the behavior of online bidders
can be divided into three types: patient deals, impulsive deals and analytic deals. To demonstrate
the feasibility of the proposed methodology, 1470 records retrieved from Taiwan eBay are used
to conduct an empirical study. In conclusion, the percentages of each customer type are 39.3 %
(impulsive dedls), 27.8 % (analytic deals) and 32.2 % (patient deals). The analyzed result shows

that more than sixty percent of bidder’s behave rationally and patiently.
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1. Introduction

Online auction is a very important market
for e-business. In year 2003, the trading
amount is about 2.1 million U.S. dollars and
the growing rate is 78 % per year [1, 3]. In
such a huge growing business, customers
never know and see each other face to face.
Most of auction web sites such as eBay pro-
vide only a user ID or nickname for identify-
ing a seller and a buyer [9, 10]. This situation
built up a wall between consumers. In this
way, customers have difficulty in making a
right decision of conducting a bid. Even in
some rea cases, bidders place an irrationd
price for wining a bid. This phenomenon is
caled “Winner Curse” [13]. So far, no exist-

ing research provides information of the
seller’s behaviors on an online auction web
site. “Winner Curse” still bothers most of
bidders and happens daily. To improve such a
situation, this study proposes a model to dif-
ferentiate customer behavior a Taiwan eBay.
Based on the differentiated customer behavior
model, a bidder can know the basic types of
deals and how to make aright decision.

In order to construct such a customer be-
havior model, this study applies customer
segmentation as a key technology to find the
genera characteristics of most profitable cus-
tomers [3]. By customer segmentation, trans-
action data are differentiated into severa ho-
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mogenous categories [6]. Each category pre-
sents a type of customer behavior. Finaly, a
customer behavior model is generated. Based
on the proposed customer behavior model,
bidders can know the basic characteristics of
e-auction and decide how to win abid.

2. Consumer behavior model

To conduct customer segmentation for
e-auction market, this study proposes three
steps to generate a consumer behavior model
(see Figure 1) [14]. The first step is to de-
velop a spider program to retrieve a data from
online auction site e.g. eBay. The second step
is to apply the proposed neura network to
segment customers. In this stage, the retrieved
auction data are differentiated as several ho-
mogenous groups. Finaly, he third step is to
interpret segmented data as customer types.
Each segmented data would be used to de-
scribe one type of customers.

The final goal of this study is to generate a
customer behavior model. We have to know
the basic definition of a customer behavior
model. According to the model of EC (Elec-
tronic Commerce) consumer behavior defined
by Turban, the purchasing decision making is
basically a customer’s reaction to stimuli [12].

The decision making process is influenced
by the characteristics of sellers and buyers,
the environment, the technology and the EC
logistic (see Figure 2). In an e-auction process,
a buyer can only find the id (identity) of the
seller who he/she is contacting right now. This
situation was making in understanding each
other’s behavior very difficultly. To cope with
such a difficulty, this study chooses several
important factors of stimuli (price, promotion,
product and quality) and personal characteris-
tics (Latest Login Time, Total bid time and
number) to describe the behaviors of custom-
ers. The behavior model of online auction is
described as follows:

Byy= fseg (Cxys Rxys Txys Ny Px. Fxy) (1)
Bw= The customer behavior model of
e-auction by seller x and buyer y

fseg= A Function of doing customer segmenta-
tion

Cyy= Credit by seller x and buyer y

Ryy= Price Change Rate by seller x and buyer
y (Initial bid- Final Bid)

Tw= The total bid period by seller x and
buyer y

Nxy= The number of buyer’s bid by seller x
and buyer y

P,= Product Description

Fxy = Final Price

E-auction
web site >

Spider

program

Customer behavior

A

model <

Customer segmentation

Figure 1. Customer segmentation processes
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Figure 2. E-commerce consumer behavior model

3. Methodology

For this study, segmenting customers to
generate a customer behavior model is the
goal we are pursuing. Six steps are proposed
to complete such a mission (See Figure 3).
First, all of consumer transaction data have to
be retrieved from an e-auction web site. The
second step isto select significant variables as
input data of the proposed customer segmen-
tation algorithm. Before data analysis raw
data must be normalized into a variable which
is between zero and one and can be analyzed
by a neura net, so the third step is to convert
data into a normalized format. The fourth step
Is applying neural networks model to cluster
data into severa homogenous groups. The
fifth step is to interpret ting those clustered
customer data into severa groups. The final
step is to select and construct a customer be-
havior model based on customer segmentation
by the previous step.

Both data collection and data cluster are
very chalengeable tasks for this study and
need profound mechanisms to support. For

data collection, the proposed mechanism had
developed a spider program to crawl data
from an auction web site. For data cluster, a
neural network is applied for mining customer
data.

In data collection stage, this study had de-
veloped a spider program with a Java lan-
guage on a Linux system to collect data from
eBay. This spider program helps to search an
URL No. for each product. Based on the URL
No., this program can request E-auction web
site to provide detail information related to
the searched product. The information is or-
ganized as a database called customer profiles
[8].This spider program completes data set
collection task by including a URL searching
agent and an auction data agent. The func-
tionalities for both intelligent agents are listed
asfollows[2]:

® URL searching agent:
In eBay, there are three databases
(transaction database, product database
and customer database). This agent is
developed to search URL address on
eBay for each product from product da-
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tabase. The identified URL addresses are
recorded into one auction URL database.

® Auction data agent:
After URLs are recorded, €lectronic auc-
tion data is extracted from an auction
web site by an auction data agent and
stored into an auction-based database for
further anaysis.

For data cluster, the research proposes
SOM (Kohonen self-organizing network) to
cluster associated customer data into ho-
mogenous groups. Severa researches had
proved that SOM is an effective algorithm to
cluster customers [4, 17]. Kohonen
self-organizing network (T. Kohonen, 1980)
[5] is an unsupervised learning neural net-
work, which applies neighborhood and to-
pology to cluster associated data into one
group. The detail for Kohonen self-organizing
network is described as follows [5]:

STEP 1. Select the winning output unit as the
one with the largest similarity measure (or
smallest dissimilarity measure) between all
weight vectors w; and the input vector x. If the
Euclidean distance is chosen as the dissimi-
larity measure, then the winning unit ¢ satis-
fies the following equation.

Hx—wc |= mion—Wi [

where the index c refersto the winning unit.

STEP 2. Let NB, denote a set of index corre-
sponding to a neighborhood around winner c.
The weights of the winner and its neighboring
units are then updated by

Aw: = ny (i) (x—wi),i € NBe ©)

where 1 is a smal positive learning rate.
Instead of defining the neighborhood of a
winning unit, we can use a neighborhood
function 7 (i) around a winning unit c. The
Gaussian function can be used as the
neighborhood function.

y(i)—exp[—_”piz;? | ]
@

The order of the weight updates on an in-
dividual layer is not important. Be sure to
calculate the error term

E —lies :
= (5)

SOM will map input data into several output
groups in Figure 4 [16]. During the process,
the area of related data will gradually be nar-
rowed down into a smaller group based on the
Neighboring Concept in Figure 5 [16].

(2
Data collection 4\ Variable 4\ Data
—V selection — V| normalization
Customer Customer data Cluster
behavior model ¢ inter i (
: pretation consumer data
selection \ \

Figure 3. Procedure of data cluster
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Figure 4. The architecture of SOM
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Figure 5. The neighboring concept of SOM

4. Empirical study

To study feasibility of the proposed meth-
odology, a prototype of web-based spider
program had been developed. Through the
developed spider program, a data set contain-
ing 1470 records related to “digital cameras”
is retrieved for further analysis. The crawled
data set was held between Februaryll, 2004

and August 9, 2004 a Tawan eBay
(http://www.ebay.com.tw). The web pages of
Taiwan eBay responds to the query contains
details of the specific auction, including last
bid (if any), opening and closing time and
date, seller’s ID and rating, minimum bid,
number of bids, and alisting of bid history [1].
The bid history contains information on each
bidder, including buyer’s ID and rating, as
well asthe price, time and date of bids.

Too many factors possibly affect the result
of electronic auction. By taking the concept of
the black-box nature of neura network, the
research proposed a SOM as a data mining
tool for data cluster [15]. After data is clus-
tered, auction customer behaviors of eBay for
bidding digital camera are automatically clus-
tered into nine neurons.

Based on literatures by Turban [11, 12],
normally customers are divided into three
major types: “impulsive deals”, who want to
sell or buy products quickly; “patient deals”,
who want to sell or buy products for a longer
period; and “analytic deals’, who do substan-
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tial research before making the decision.

Even there are a number of ways of
identifying customer behavior. The most
well-known method called RFM (Recency,
Frequency and Monetary) model is used to
represent the characteristics of each customer
[4]. This model clusters customer behavior
from three dimensions of customer’s transac-
tiona data: Recency, Frequency and Mone-
tary [15]. The first dimension is Recency,
which show how long it has been since the
bid began. The second one is Frequency,
which indicate of how often the customer
places a bid. Monetary Vaue is used to
measure the amount of money that the cus-
tomer has spent in thisbid [6].

In this study case, the data values are de-
rived from databases such as average of latest
login day, auction cycle day and purchase
monetary amount. The basic assumption of
applying the RFM model is that future pat-
terns of consumer trading are similar to past
and existing patterns. The calculated RFM
values are summarized to realize the behavior
patterns of customers in the research. In this
study, we propose to use the following RFM
variables [6]:
1. Recency (R):  thetotal bid period.

2. Frequency (F): thetotal number of bids.
3. Monetary (M): thefinal bid price

To cluster customer data, a neural network
with six input nodes and nine output nodes
had been constructed for this study and the
details is listed in Table 1. The meanings of
input variables are summarized in Table 2. In
this study case, a 3x3 Map Neuron is used to
cluster customers into three customer types in
Figure 6 [4]. First, neuron 1 and 2 are clus-
tered as impulsive deals. In this type of deals,
buyers usually provide a higher price (M>=
0.98719) in a short period ( R <= 0.26554) to win
a bid. Second, neuron 4, 7 and 8 are clustered
as patient deals. Patient buyers usualy win a
bid with a reasonable price (M>=0.954871) for a
longer period (R >= 0.519772). Third, neuron 3,
5 6 and 9 are clustered as analytic deals.
Analytic buyers get used to compare the price
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with other deals and usually place a lower
price (M<=0.738946) to win. The failure rate of
anaytic deals is very high. Normally sellers
are not willing to sell their products in such a
circumstance.

Summarily, the total number for each cus-
tomer type are 587 (impulsive deals), 409
(analytic deals), and 474 (patient deals). From
above observation, about 32.5 % (anaytic
deals) of customers like to spend sometimein
competing the price during bidding. 39.9 %
(impulsive deals) of consumers want to buy
theirs products in a shorter period, which
could cause “Winner Curse”. The distribu-
tions of customer type are summarized in
Figure7.

Table 1. Neural network model

Neural network model

Input layer (No. of neurons)

Output layer (No. of neurons)

00@@8

Segment groups

5. Conclusion and futureresearch

In a C2C e-commerce environment, sellers

and buyers have difficulty in knowing each
other’s behaviors. Unpredictable results such
as “Winner Curse” could happen to bring alot
of negative impacts to bidders[13]. To readize
the behavior of e-customers, the study pro-
poses a SOM neural network model to cluster
customer data into homogenous groups. To
conduct an empirical study, more than one
thousand of data were retrieved from Taiwan
e-Bay as analysis basis. A 3x3 Map Neuron is
applied to cluster customers into patient deals,
impulsive deals and analytic deals. From data
anaysis, two interesting findings are as fol-
lows:
1. More than sixty percent of online auction
customer’s behaviors are rational. Specially,
more than 27.8 percent of bidders like to bid
the price with other ones.
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Table 2. Definitions of input variables

Variable names

Description

Types

R« (Price change rate)

Initial bid- final bid

Promotion

T,y (Total bid period)

Initial bid time- final bid time

Personal characteristics

Fxy ( Final price) Final bid Price
Cyy (Credit of seller) Credit of the current seller Quality
Py (Product description) | Web page of product description | Product

Nxy (Number of bid)

The total number of bids

Personal characteristics

Impulsive deals (98) Impulsive deals (489) Analytic deals (32)
R: 0.26554 R:0.211633 R: 0.28599
F: 0.012806 F: 0.012806 F: 0.424895
M: 0.987194 M: 0.98719 M: 0.575105
1 3
Patient deals (83) Analytic deals (40) Analytic deals (310)
R: 0.519772 R: 0.388273 R: 0.61066
F: 0.030607 F:0.261054 F: 0.992853
M: 0.969393 M: 0.738946 M: 0.007147
4 6
Patient deals (220) Patient deals (171) Analytic deals (27)
R: 0.995135 R: 0.728627 R: 0.762979
F: 0.023562 F:0.045129 F: 0.585842
M: 0.976438 M: 0.954871 M: 0.414158
7 9

Figure 6. Use a 3x3 map neuron for data cluster
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2. Many researches worry that “winner curse”
will reduce the interests of bidders [13]. Be-
cause “winner curse” makes buyers paying
more money, they will get a bad impression
on e-auction. This study found that impulsive
dedls are only 39.3 % of tota e-auction trans-
actions. The possibility of “winner curse” is
lower than 39.3 %. It means that “Winner
Curse” could be a smaler problem of
e-auction.

There are still some limitations for this
study.
1. The research chose e-auction data of “digi-
tal camera’ as our empirical study sample.
Because digital camerais a standard product,
our observation can only represent the per-
spective of the behavior of e-auction consum-
ers, who bid standard products. The customer
behavior of bidding irregular products e.g.
antique is dill unknown. More related re-
searches need to be explored in the future.
2. The behavior of new generation keeps
changing rapidly. The results of the research
only represent the behavior of current
e-auction consumers. A database of customer
profiles needs to be developed for keeping
track of customer footsteps in the future.
3. This study proposes a SOM neural network
to segment customers [5, 7]. There are a
bunch of data cluster algorithms, e.g.
K-means, Fuzzy C-means, Mountain Cluster-
ing, Subtractive Clustering. Further re-
searches need to be explored to prove which
method is the best for segmenting auction
customers.
4. This study selects six significant variables
to segment e-auction bids. Unfortunately, the
RFM model can only use three variables to
interpret the customer behavior. In the future,
how to develop a new model which can com-
bine RFM and the other three variables in
presenting the phenomenon of e-auction is
crucia.

The research develops a methodology to
cluster the behavior of e-auction customers. It
is a big step for knowing the styles of
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e-auction user’s behavior. Our future research
is going to develop an intelligent agent to as-
sist bidders predict the important factors of
e-auction such as price, length (time) and so
on for assisting decision making. In this way,
the possibility of “Winner Curse” will be re-
duced. The behaviors of sellers and buyers
will be more rational and predictable in the
long run.

Customer Segmentation

700 —tmputsive

Deal
600 eals

Patient
500 F Analytic Deals

Deals

400 |

300

Customer No.

200 ¢

100 |

2
Customer Type

Figure 7. Customer distribution
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