
Building an online purchasing behavior
analytical system with neural network

Mo Wangl, S.J. Reesl, S.Y. Liao2
‘School of Computing, Staflordshire University, UnitedKingdom.
‘Department of Information Systems, City University of Hong Kong,
China.

Abstract

With the rapid growth of the worldwide online sales, it is very important to
analyze the factors influencing online purchasing behaviors. The analysis of the
data on online customers has not been given adequate effort. The difficulty of
accurate assessment of online customer behaviors is due to its complexity,
disorganized knowledge about it, and the lack of effective and valid tools to
measure and predict it.
The technology of data mining has provided the opportunity to extract interesting
knowledge from large amount of data. Since the back-propagation neural
network (BPNN) is one of the most powerful general nonlinear modeling
techniques, we have built a back office analytical system based on it and returned
our classification and prediction results back to the consumer. The purpose of the
research is to develop a system to help better understand customer online
purchasing behaviors and to assist the customer relationship management
campaigns of e-business enterprises. The system aims to classify online
customers and predict their purchasing behaviors according to their
demographics and attitudes toward online shopping.
The data used for model building and testing was collected through a website. A
group of students at City University of Hong Kong participated in the data
collection process to provide their online shopping behaviors. To evaluate the
performance of the proposed system, we compare it with other mature
classification tools, namely, K-means clustering and multiple discriminate
analysis (MDA) tools. The results show better precision with the designed
system.
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1 Introduction

In the past few years, information technology and the World Wide Web have
created lots of innovations in the area of business. More and more businesses and
organizations are collecting high quality data on a large scale. The huge amount
of data can be a gold mine for business management. It is, therefore, increasing
important to analyze the data. However, timely and accurately processing
tremendous data analysis in traditional methods is a difficult task. The ability to
analyze and utilize massive data lags far behind the capability of gathering and
storing it. This gives rise to new challenges for businesses and researchers in the
extraction of useful information.

1.1 Data mining

Data mining is different from traditional statistical analysis. It is aimed at finding
unsuspected relationships which are of interest or value to the database owners
[2]. Data mining does not compete with traditional statistical methods in basic
statistical tasks. However, it should offer better solutions in advanced problems
than traditional statistical methods could accomplish. To meet these challenges,
research into artificial intelligence becomes imperative [1]. New generations of
computational techniques and tools are required to support data mining [3] or
knowledge discovery in databases. Data mining methods and algorithms extract
useful regularities from large data archives, either directly in the form of
“knowledge”, characterizing the relations between the variables of interest, or
indirectly as fimctions that allow to predict, classify or represent regularities in
the distribution of the data [4].
Various applications have illustrated how data mining algorithms can be applied
and made useful. One of them is to use back- propagation neural network
(BPNN) to process classification and prediction.

1.2 Neural network

BPNN is one of the most popular artificial neural networks (ANNs). It is well
known for its capability of performing complex mappings between input and
output data. It can often provide outputs of adequate accuracy over a limited
range of input conditions, with the advantage of requiring a lot less computation
than other models. BPNN can be applied to different types of problems:
classification of objects, modeling of fictional relationships, storage and
retrieval of information, and representation of large amounts of data.
Numerous previous studies have applied BPNN techniques to solve classification
problems. Approaches that use BPNN for work piece classification problems are
proposed in [14]. Financial classification problems have been reported to be
solved in [15,17]. Patuwo et al. [18] study the two-group classification problem,
The BPNN is also been used to solve detection and classification of flaws
problems in concrete structure [21]. Ripley [19] provides a thorough review for
classification applications. In the paper, an unseen holdout sample is correctly
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classified. A new method is introduced to automatic classify infrared spectra
[20]. Their research investigates three fundamental questions relative to
classification problems: (1) the appropriate neural network architecture, (2) the
appropriate sample sizes, and (3) the accuracy of a neural network classifier
compared to the classical statistical methods.
To date, little attention has been paid on the application area of online customer
behavior studies. This may because it is a little difficult to use an appropriate
BPNN model to analyze a large-scale customer dataset. When the attributes of
the customers are ill defined, or ill structured, finding valuable patterns will be
difficult and complex.

1.3 Online customer behavior

The fast growth of electronic commerce (EC) has the potential to influence the
economy. In order to promote EC, it is important to study individual customers’
online behaviors. Lots of research papers have been published on the topics of
business to consumer (B2C) E-commerce and online shopping [5,6,24]. The
relationship between consumers’ lifestyles and online purchasing has been fully
investigated [22]. The reason of why some consumers are online shoppers while
other are not is described [23]. In the paper, consumer’s convenience and risk
perception are suggested to decide the consumers’ channel choice. Regression
methods have been applied to study the initial effects and relationships between
consumer attitudes and Internet-based e-shopping [7]. The analysis shows that
the life content of products, transaction security, price, vendor quality, IT
education and Intemet usage significantly affect the willingness to shop over the
Intemet.
The purpose of this study is to establish a classification system that applies data
mining technology to perform the whole analytical process by implementing
BPNN. The classification ability of BPNN, K-means clustering and multiple
discriminant analysis (MDA) methods are compared based on real-word data sets
from an online survey. We suggest that the BPNN model is more accurate and
robust than other methods. It can be regarded as an aid tool for profiling good
customers, performing market segmentation, and improving the results of direct-
marketing campaigns.

2 Model development

In our research, data mining processes are employed to create the whole model.
Five major steps are carried. Firstly, the goal of the model is described and the
problem defined in advance. Secondly, customers’ behavior data is collected.
Thirdly, the data is pre-processed. The data is normalized and scaled in order to
minimize noise. Fourthly, the data is transformed in order to feed to the model.
Fifthly, an appropriate BPNN classification model which has the ability to
capture the hidden information in the data is built by experimenting with various
architectural and training parameters. Finally, the result is interpreted to help
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decision making. Each stage is fully studied in our system to ensure accuracy and
validity of the results.
The whole data mining process of our system is depicted as follow figurel:

m=m=m

Data Mining
(BPNN) IP==EEEI

Figurel: Data mining process of our BPNN model system

2.1 Problem formulation

In this stage, information requirements are identified to be fulfilled with BPNN
based data mining technology. The online purchasing features of customers are
based on previous research studies on the Intemet and e-shopping behaviors.
The initial question in our research is to classify the customers according to their
different features of purchasing behaviors.

2.2 Data collection

The data used in this study is collected via an online survey conducted by City
University of Hong Kong on April 2001. Real-world data sets are used in this
research because they are the best test of the accuracy of the respective
classification algorithms in real-world situations. The supporting features are all
derived from our earlier discussion of online customer behavior studies. To
group online customers, all possible features are collected. The survey contains
four sections: purchasing behaviors, general demographics, opinions on
purchasing, and security and privacy of transactions. Following the standard
approach [8], we measure the variables in terms of a Likert-type scale ranging
from 1 to 5 with the following equivalences, “l”: “not important” or “strongly
disagree”; “2”: “slightly important” or “slightly agree”; “3”: “neutral”; “4”:
“important” or “agree”; and “5”: “very important” or “strongly agree”. Only
those customers who are able to participate in web surveys are considered. This
bias is exactly what is desired of the data of marketers on the web since it
provides them with data about actual online users. The sample is therefore,
restricted to Intemet users.
The features of each of the data sets are summarized in table 1. One hundred and
eighty six customer profiles are gathered and one hundred and sixty three are
useful after reprocessing. Each data set represents a consumer profile. Twenty-
eight variables are obtained.

Tablel: Survey Items

Purchasing behavior
1.Money spend on online purchasing in the past six months
2. Frequency of making online purchases from web-based vendors
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3.Frequency of using WWW browser
4. Amount of time using WWW browser

General demographics
1.Age
2. Gender

3.Major

4.Amount of household income

5.1ntemet-related skill and training in computer applications
6LcveI of education

Opinions on purchasing
1.E-vendors offer better prices
2. E-vendors offer more variety of products

3.E-vendors offer good quality of products
4. E-vendors offer satisfactory product guarantees

5.Delivery services of e-vendors are better

6. E-vendors offer more attractiveness of special rewards and discounts
7. Design of the web stores are attractive and friendly

8.Web stores are easier to search interesting information

9. E- vendors offer more useful information about choices
10.E-vendors offer easier way to cancel order with Web vendor
11 .E-vendors offer easier way of checking out process

12.It is easier to contact e-vendors

13.E-vendors provide better customer service and after-sale support

14.E-vendors are more reliable (reputation/big size)
15.It is more efficient to manage my time when making purchase from e-vendors

16.It save more time when making a purchasing from e-vendors

Secnrity and privacy
1.It is riskier to make purchases or banking over Intemet

2.it is important to protect privacy when making purchases from e-vendors

2.3 Data pre-processing

The quality of data is a key points in the whole system. It is often necessary to
pre-process the data before analysis. In this stage, the noisy, erroneous, and
incomplete data are removed. For error detection, the out-of-range values are
automatically identified and removed by the system. Idiosyncratic error and
conflict values such as the “purchased online” and the “amount spent online”
records are deleted from the research data sets. Part of the missing values in the
datasets are made up with using the “average of values” technique. The others,
with lots of missing values, are removed completely. All the data are
documented in a meta-dictionary for reference purposes.

2.4 Data transformation

Data transformation is performed in terms of normalizing the data, i.e. map the
original values onto the numerical range [0, 1] prior to insertion into the input-
layer of the classification and prediction. The numerical range [0,1] is important
as our BPNN system employed the binary sigmoid function. Linear
normalization is carried out with respect to the maximal and minimal values by
using the equation (1):
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xi – min(xi)
)Y = 10g(max(xi) – min(xi) (1)

2.5 BPNN model development

2.5.1 Validation of our system
There always exists the possibility that after running the system, valuable
information cannot be discovered over real world datasets. It is, therefore,
necessary to make certain whether the problem is coming fi-om the quality of the
data or the constructed system. In order to verify it, the output of our BPNN
model was compared with results from the K-means clustering statistical
approach. The two models were applied to a typical statistical dataset. As there
are four variables in the data sets, the topology of the BPNN classification model
is four neurons in the input layer, two neurons in one hidden layer, and three
neurons at output layer. Each of the 150 datasets is grouped into one of the three
different types. The output table 2 shows the results and validates the applied
BPNN.

Table2: Result of BPNN and K-means cluster models

Class Max Min Mean SD BPNN K-means
error error

Typel 0.0385 0.0084 0.0218 0.0169 0 0
Type2 0.8202 0.3649 0.5331 0.1132 2 2
Type3 0.9978 0.7192 0.9389 0.064 0 1

2.5.2 Back-propagation neural classification architecture
The BPNN model [9,16] is used to build up the classification system. As shown
in figure 2, it is composed of three layers. Since many of the utilization of BPNN
models in classification issues are constrained generally within the adoption of
continuous or ratio variables, we developed our analytical system based on the
categorical values of variables. For the purpose of practical implementation, all
variables are scaled to lie between O and 1 before training and classification. The
number of input neurons in the input layer is 28, in accordance with the selected
input variables. The number of neurons in the hidden layer, selected as 12, was
found to be appropriate for the present problem under investigation. A cascade
learning process [13] is applied to determine the number of neurons in the BPNN
hidden layer. The cascade learning process begins with an empty hidden layer
and adds neurons to this layer one at a time until there is no further improvement
in network performance. The network has three neurons in the output layer, and
the desired outputs are (1,0,0), (O,1,0) and (0,0, 1), respectively. The weights are
initialized randomly. This study uses the sigmoid activation fimction as
recommended by [1O], equation (2)
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(2)

28 neurons 12 neurons 3 neurons
Input Layer Hidden Layer Output Layer

Figure 2: The three-layer BPNN model

2.5.3 Network Training
Training is the learning process, in which the input and output data are
repeatedly presented to the network. BPNN needs to be trained in order to build
up its classification mechanism. A training algorithm [9] was performed to
determine the best set of weights for the network with a high level of
classification accuracy. Similar problems have been discussed in the two papers
[9, 11]. One major factor affecting the accuracy of BPNN classification models
is the convergence criteria. In our model, two convergence criteria are used.
Either the classification error of the learning sample falls below a threshold or
the error does not show any relevant change after some duration of learning
epochs. One of the stop criterion used is based on mean squared error (MSE),
equation (3)

fvifsE=[~(Ei-oi)2]/lz (3)

Where, Oi is the actual output for each data set i; Ei is the corresponding

expected value; n is the whole dataset number. The training was ended when the
change of MSE was less than ().()sO/o in three consecutive sessions. This method
avoids the undesired effect that more frequent classes in the overlap region is
classified correctly at the expense of those less frequent. The other criterion is
the learning epoch. To explore the impact of it, the classification accuracy was
repeatedly assessed by different sets of learning epoch. The highest classification
accuracy achieved is then identified on both the training and test sets. This
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methodology minimizes errors due to over-training or under-training and to
differences in convergence between training and test data.
In this syste~ the original sample is split into two distinct groups, namely, a
training data with 99 items and a holdout data with 64 items. The model is
trained using the former data set. The training and testing sample data sets are
tested with different epochs as 1000, 3000, 6000 and 10,000. In the learning
stage, the result shows that four different training epochs can all achieve a
tolerance error of about 0.01, but the convergence speeds are quite different. The
outcome indicates that a BPNN system with 12 nodes in one hidden layer and
10,000 epochs under random sampling methods has the best performance. We
also tested our system with learning rates and momentums of 0.1 and 0.25. The
result showed that 0.25 is better than 0.1. Table 3 gives the summary parameters
in our BPNN model.

Table 3: the summary parameters in the BPNN model

BPNN Modeling Parameters

Total patter 163

Training set 99
Test set 64

Pattern selection Random

Initial weight Random

Weight updates Momentum with 0.1 and 0.25

Learning epoch 1000,3000,6000, 10,000

Hidden neurons 6,12,20

The comparisons of error curve with different parameters are displayed in figure
3. Curvel is with 0.1 momentum, 6 hidden neurons and 1000 learning epoch;
curve2 is with 0.25 momenttuq 20 hidden neurons, and 6000 learning epoch,
curve3 is with 0.25 momentum, 12 hidden neurons, and 10,000 learning epoch.
Obviously, curve 3 performs best.

0, I I

:1-T-‘9d..........v .“&J/4-....._._._... J...,~/ I ‘. \.-Tr .,,~.-p.s. -

02 I I
o ,0 20 ,0 40 ,0 6. ,0 .0 ,0 ,00

Figure 3: Error curves with different parameters
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2.5.4 Network Testing
After the network is trained, the holdout data is used as test data sets. It enters the
network when the trained BPNN is used to test the predictive accuracy of the
network. The testing of the network is carried out with the weight matrix and
threshold values obtained from the previous training process. This ‘train-and-
test’ procedure is conducted to predict the accuracy of the BPNN model. From
the performance of the training process, the test model with 12 hidden neurons in
one hidden layer and 10,000 epochs for the convergence criteria and 0.25
learning rate and learning momentum proved to be the most accurate. The
procedure iterated five times with a new, randomly selected sample of 99
training data sets and 64 testing data sets each time. The Jackknife technique was
used to generate the selected samples. It is a useful statistical procedure that
produces unbiased estimates for the probability of misclassification [12]. The
summary of the five iteration outcomes is calculated as the predictive accuracy
rate of the model. The comparisons of the error curves with different testing
samples are displayed in figure 4. Curve 1 is with sample3, curve 2 is with
sample 1 and curve 3 is with sample 5. Based on the results, sample 3 is selected
as the best sample in our model.

0 07 1
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003

0 02

0.01

0

-0.01

-0.02

-0.03
0 10 20 30 40 50 60

Figure 4: Error curves of different testing samples

Visualization of the results

1
70

To help decision making, a graphical window is used. The system provides good
processing speed and the results are displayed in a comfortable user interface. It
can be feasibly adopted in customized application systems. The visualization
window of the input and output attributes are partly displayed in figure 5.
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Figure 5: visualized input and output window

3 Results evaluation

Data mining typically uses an error rate to analyze the classification accuracy.
The error rate is the percentage of correct classification of observations. As we
define the criteria with 0.1 to be the accepted threshold, all of the data are
accurately classified by our BPNN system. To test the effectiveness of our
BPNN classification model, the result was compared with K-Means clustering
and traditional multiple discriminate analysis (MDA) techniques. Pair wise t-
tests are applied to assess the significance of the differences of the models. The
results are reported in table 4. The Error rate of our BPNN system is zero; the
error rate of K-means clustering is 34.36°/0 with 56 misclassifications; the error
rate of MDA is 7.36% with 12 misclassifications. As can be observed, the BPNN

outperformed the K-means clustering and MDA technique at cx=O.05 level. The
reason for this may be because the MDA has very strict assumptions. Firstly, the
MDA requires that the data set used to distinguish between variables must be
linearly separable, and secondly, the relationship between variables make the
value of each variables change accordingly. This has an impact on MDA. Thus,
the complex properties of consumer behavior makes MDA a poor classification
method compared with the BPNN model.
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4 Conclusion

In this paper, we presented a BPNN classification model based on the data
mining process procedures to analyze online customer purchasing behavior. Our
research demonstrates that BPNN performs very well against two traditional
statistical classification technologies, namely, K-means clustering and MDA on
real-world data sets. The reliability and validity of the BPNN system are tested
by comparing their classification ability with two different data sets (an external
statistical data set and an online survey data set). The results indicate that the
BPNN classification model has a higher classification accuracy and robustness
than the alternatives used.
The findings of this study extend our knowledge of features influencing
purchasing behavior from the conventional market to the Intemet virtual market.
From this study, it was found that each variable derived from our survey has
played an important role to determine the classes of customers, i.e. all the
features significantly influence the online customers to make purchase decisions.
The resulting information can be used for more customized interaction between
consumers and enterprises and better targeted marketing campaigns. However,
although BPNN classification models have several advantages, they also have
their limitations. The numbers of variables which can be input into the model are
limited. In particular, the model cannot and should not entirely replace
professional judgment. In addition, many new important qualitative variables
may be difficult to incorporate into the model.

5 Future works

In the future, new sources of data from real world company data sets will be
gained. The validity of our BPNN will be confiied with external data sets. To
facilitate efficiency pattern discovery from the data, decision tree algorithms will
be considered fwst to reduce key variables to fix input and output of our BPNN
classification model. The output of BPNN system will be further analyzed by
using Bayesian networks. The purpose of the Bayesian network is to predict
what type of products customer will buy according to their historical purchasing
behaviors and the classification of the customer.
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