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Abstract 

The problem of information overload is one of the major 
problems in Electronic Commerce, i.e., customers often 
feel difficult to control the abundant amount of product 
information that is collected by the electronic media. This 
issue has attracted a lot of attention with the globalization 
of Internet Commerce. The cognitive approach to address 
this issue is to limit the amount of product information 
presented to the customers by product filtering. 
Personalization in product filtering refers to 
customization of the filtering process based on different 
customers' preferences. In this paper, we propose a new 
approach to personalized product filtering on the basis of 
established theories in Information Retrieval. A linear 
ranking function defined in the filtering model measures 
the match between a customer's preference and the 
product information. Only matched products will be 
presented to the customer while unmatched ones are 
filtered out. The customer's preference in the filtering 
model is established through an inductive leaning 
algorithm. The proposed linear ranking function uses the 
probabilistic approach in Information Retrieval, thus 
giving the algorithm a good theoretical basis. Simulation 
experiments are conducted to test the performance of the 
personalization algorithm. The experimental results show 
that the performance is good in both filtering accuracy 
and learning efficiency. The proposed filtering model and 
personalization algorithm could be used in real time 
Internet commerce to create a successful one-to-one 
online marketing and selling system. 

Key Words: Electronic Commerce, Personalization, 
Product Filtering, Preference Learning 

1 Introduction 
With the globalization of Internet commerce, customers 
are faced with the problem of information overload. 
Product filtering provides a solution for this problem by 
restricting the amount of information presented to a 
customer. To match a customer's requirement, a filtering 
process can be personalized based on the customers' 
preferences. Personalized product filtering is one of the 
most important personalization strategies to create one-to-
one relationships between online businesses and 
customers [1][10]. 

The basic idea of product filtering is to extract products 
that match a customer's preference and filter out 
unmatched ones. The extent of match between product 
items and the customer's preference can be measured by a 
ranking function [17], with higher rank value means a 
closer match. Therefore, a feasible approach of product 
filtering is to compute the rank value of each product 
using a ranking function and filter out the lower ranked 
ones. In this case, personalized filtering means 
customizing the ranking function based on the customer's 
preference. 
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The fuzzy nature of online shopping makes this ranking 
problem difficult. In online shopping scenario, customers' 
preferences are often complex and fuzzy [13], they may 
be contradictory and need to be balanced, e.g., low price 
and high quality. This fuzziness makes it a challenge to 
acquire and represent the customer's preferences, and find 
an appropriate ranking function. 

Customers' preferences may be acquired explicitly by the 
customers' specification, or implicitly by learning from 
observed customer behavior. Generally speaking, the 
implicit method is preferred in Internet Commerce for it 
requires no additional customer effort [11][16]. The 
online learning problem is made more difficult due to the 
stochasticity in customers' behavior, i.e., the customers' 
attitude towards the products may sometimes appear to be 
random and do not reveal their preferences [12]. In fact, 
consumer behavioral analysis is an important research 
field in Electronic Commerce [15]. 

Hitherto, some works have been done to address the 
problem of product ranking and customer preference. 
ICOMA (Intelligent electronic Commerce system based 
on Multi-Agent) [9] system defines a ranking function on 
the basis of a customer's history and his priority 
weightings for each product attribute. These priority 
weightings are adjusted according to the customer's 
feedback. Sales assistant [13] uses a method of multi-
attribute decision making for product ranking, the ranking 
value for a product is an aggregate of the ranking values 
against each product attribute. And the ranking for each 
attribute is computed by a membership function based on 
customer requirements, while the requirements can be 
inferred through the customer stereotype. 

In this paper, we propose a new approach to personalized 
product filtering on the basis of Information Retrieval (IR) 
technologies. Product filtering is similar to conventional 
Information Retrieval, both of them have the goal of 
retrieving items relevant to customers' requests, while 
minimizing the amount of irrelevant items retrieved 
[2][5][7]. This similarity makes it possible to employ IR 
method in product filtering. In our approach, we propose a 
linear ranking function to evaluate the match between 
product items and customer preferences. The proposed 
linear ranking function uses the probabilistic approach in 
IR. This probabilistic method is suitable for quantifying 
the uncertainty in E-Commerce. We propose a vector 
representation of customer preference, which is used to 
personalize the parameters of the ranking function. The 
customer preference is learned from observed customer 
behavior through an inductive learning method, which is 
derived from a learning algorithm in linear IR model. 
Overall, the proposed algorithm is based on established 
probabilistic theory and IR techniques. 

Simulation experiments are performed to evaluate the 
performance of the product filtering algorithm and the 
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customer preference learning algorithm. The experimental 
results show that the performance is good in both filtering 
accuracy and learning efficiency. The performance against 
stochasticity in customers' behavior is also tested in these 
experiments, as it is unavoidable in Internet Commerce. 
The results show that the algorithm is robust against such 
stochasticity. Experiments are also conducted for different 
algorithm parameters and different kinds of source 
product data, etc. The results show that system 
performance is good in all these cases. 

The following sections are arranged as follows: section 2 
gives an overview on the personalization model, the 
proposed filtering algorithm based on a linear ranking 
function and vector representation of customer preference, 
and the inductive learning algorithm. Section 3 analyzes 
the proposed algorithm and confirms its basis on 
established probability theory and IR techniques. Section 
4 describes the simulation experiments. The simulation 
methodology is introduced, followed by the analysis of 
the experimental results. A conclusion and 
recommendation for future work are given in section 5. 

2 Personalization Model and 
Algorithms 
This section describes the working mechanism of the 
personalization model and the personalization algorithm. 
The personalization algorithm includes a product flltering 
algorithm which limits the amount of product information 
presented to a customer by flltering out irrelevant 
information, and a customer preference learning algorithm 
which learns about a customer's preferences implicitly 
from his behavior. 

2.1 Personalization Model 

Figure 1 Personalization Model 

product 
items 

The personalization model is shown in Figure 1. There are 
three processing modules and two data modules. The two 
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data modules are product data and customer preference. 
The three . processing modules include product filtering, 
product presentation and customer preference learning. 
The product flltering uses a ranking function to match the 
customer's preference with the product information, 
filters out the unmatched ones, and outputs the matched 
items in a rank order. The customer interacts with the 
system through the product presentation and his response 
towards the presented products will be learned and his 
preferences updated accordingly. 

The main purpose of the above personalization model is 
to facilitate customers' selection of products in E-
Commerce environment. The scenario described below 
illustrates the working mechanism of this model. 

First, the customer enters his product requests by either 
activating a search engine or clicking on a product 
hierarchy, which is the common activity in an online 
shopping experience. In response to that, conventional 
commerce sites will search the product database to get the 
required products and list all of them. With the 
globalization of Internet commerce, the amount of product 
information may be so large that this customer is 
overwhelmed. 

Second, a product filter may be added to solve this 
problem. With product filtering, the list of products will 
be ranked according to the customer's preference learned 
from his previous behavior. Only highly ranked items will 
be selected and presented, allowing him to locate his 
favorite items easily. This explanation shows the 
difference between product search and product filtering. 
Product search asks a customer to specify his product 
requirement for each search activity, to retrieve items for 
the diverse population of customers. For product filtering, 
the products are filtered based on a customer's preference 
obtained from incremental learning of his previous 
interactions. It personalizes the product list according to 
the preference of a particular customer. Hence product 
filtering can be applied to the search results after the 
initial search results are available. 

Thirdly, only high ranked products are presented to the 
customer. The products are listed in a ranked order, i.e., 
higher ranked products are listed prior to the lower ones. 
The customer browses the presented product list, selects a 
product for its detailed description, adds to shopping 
basket and possibly makes some purchases. The 
customer's behavior, including his browsing and purchase 
behavior will be recorded during these interactions. 

The final step is learning and updating of the customer's 
preference. Good personalization performance requires a 
good abstraction of customer preference. Through 
incremental learning, a customer's preference is extracted 
from his interactions. 
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From the above illustration we could see that there are 
two key components in the personalization model: the 
filtering module and the learning module. Accordingly, 
our proposed personalization algorithm comprises a 
product filtering algorithm and a customer preference 
learning algorithm. Next, we propose a filtering algorithm 
and a learning algorithm in the following section. 

2.2 Personalized Product Filtering 
Algorithm 
In our personalization model, product filtering is based on 
a ranking function that is personalized according to a 
customer's preference. The rank for each product is 
calculated using the ranking function, with higher rank 
indicating more relevant to the customer's preference. 
After ranking, items with low rank will be filtered out. 

The tasks involved in product filtering are listed as 
follows: 
i) Representation of product items. 
ii) Representation of customer preference. 
iii) Defining a ranking function that evaluates product 

items based on customer preference. 

A vector space representation is used to describe the 
product items. In general, product items are represented 
by a set of attributes: price, quality, brand, guarantee, etc. 
Value of each attribute is divided into several ranges, e.g., 
product quality may be classified into three ranges: low, 
medium and high quality. Consider a set of N attributes 
{Aio A2, .•• ,AN}, assume that the value of attribute Ai is 
quantized to Mi ranges a/J a/J ... aMim. then a product 
item can be represented by a so-called product vector 

-, =<t (I) t (I) t (2) t (l) 
- 1 •·· Mt ' J ••• M'l ' t (N) t (N) >T 

I ••· MN 
(2.1) 

Here 

if value of attribute A1 falls in the jth range a 1 <n 
otherwise 

As an example, we consider only two attributes "price" 
and "quality", each of them is divided into three ranges: 
low, medium and high. Assume a product item f0 has 
high price and medium quality, according to equation 
(2.1), the item will be represented by 

- T t 0 =< 0,0,1,0,1,0 > (2.1-1) 

If a customer's preference towards the Mi ranges of 
attribute Ai are represented by u/J u/1 ... uM/i!, then the 
customer's preference towards a product could be 
presented by a preference vector 

- (I) (I) (2) (2) (N) (N) T 
U =~ ... UM, ' ~ ••• UM, ' ••• ' U. ••• UMN > (2.2) 

Here -1 $ ujiJ $ 1 
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Each element in the vector denotes the customer's 
preference towards a certain attribute range. up! could be 
any real value between -1 and 1. A positive value of ur 
implies positive preference and a larger value denotes a 
greater preference. While a negative value implies the 
customer does not prefer that attribute range and a greater 
negative value denotes a greater extent of non-preference. 
For two product attributes "price" and "quality", assume 
that a customer's preference vector is 

ii0 =< 1,0.5,-1,-0.6,0.25,0.75 >T (2.2-1) 

It means 'low price' and 'high price' play the most 
important role in the customer's product selection, for 
they have the extreme value (1 and -1). 'High quality' 
plays the second important role, followed by 'low 
quality', 'medium price' and 'medium quality'. 

With the vector representation of product item and 
customer preference as equation (2.1) and (2.2), we define 
the ranking function as a linear function 

(2.3) 

A preference vector may contain positive or negative 
values, thus the above function may also be positive or 
negative. That means, the scalar value of the ranking 
function not only shows to which extent a customer 
prefers a product, but it reveals how much he dislikes it. 

In the previous example in equation (2.1-1) and (2.2-1), 
the rank of the product f0 in relation to the user 

preference vector ii 0 is 

f(t0 ) = u3 (ll + u2 (Zl = (-1) + 0.25 = -0.75 (2.3-1) 

After ranking all products, one of the following three 
methods may be used to filter out the lower-ranked items: 
• Set a threshold number. For example, the top 20 

items are selected. 
• Set a threshold value. For example, the items with 

rank greater than 0 are selected. 
• Set a threshold percentage. For example, top 50% of 

the ranked items are selected. 

Only product items that exceed the threshold will be 
presented to the customer in a ranked order. Other items 
are filtered because they are considered irrelevant. In this 
way, the reduced number of presented items facilitates the 
customer to concentrate on his preferred items. 

2.3 Customer preference learning 
algorithm 
The ranking function in equation (2.3) is an inner product 
of a customer preference vector and a product vector. We 
could see that the filtering result is highly sensitive to the 

Spring/Summer 2001 



accuracy of the customer preference vector. As mentioned 
earlier, a customer's preference is usually fuzzy and it is 
almost impossible for the customer to specify his 
preference directly. This means that the customer 
preference should be learned implicitly from his behavior. 

An inductive leaning method has been used in query 
formulation in linear IR model [ 17]. We propose to use 
this method for the learning of customer preference in our 
personalized filtering model. Using this method, the 
customer preference is learned gradually using the 
following numerical optimization algorithm. 

With the ranking function f (f) = ii rr , the criteria 
function for optimization is defined as 

J (ii) = L -UT;; (2.4) 
/ier(Q) 

where 

Here T denotes a product set. The symbol >- denotes a 
customer's preference ranking, which has been defined as 
a relation on the finite set T [2]. For f',f eT, t'>- t 

means the customer prefers f' to f. r(u) is a set of 
difference vectors between error ranked item pair f' and 
f . The item pair f' and f is erroneously ranked if the 
customer prefers f ' to f ( t '>- t ) but f ' is ranked lower 
than f according to the ranking function (iirt'5, iirt, 

i.e., iir f) ::;;; 0 ), which means the system ranking is 
contradictory to the customer's ranking. The criteria 
function is an error function obtained by aggregating all 
the ranking differences between the error-ranked item 
pairs. By definition, J (ii) = o if r(u) =ell, that is, the 
error function is zero if there is no error. 

From the above definition, we could see that J (u) ~ 0. It 
is equal to 0 only if ii is the solution vector. Then the 
problem is to find vector u that minimizes J (ii). 

An optimization algorithm such as gradient descent 
algorithm could be used to find ii. In the (k+1)th 
iteration, 

(2.5) 

where axis the step size and according to equation (2.4) 

V J (ii) = - L b (2.6) 
lie r (iil 

In our experiment, the initial step is set to llQ = 0.01 and 
ax is made adjustable. That is, if the value of J (iik) 

changes towards a single direction (increase or decrease) 
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for some consecutive iterations, ax is increased, while if 
the value of J (ut) changes towards different directions, 
ak is decreased. This adjustment makes the algorithm 
converges faster. The convergence threshold o is set to 
0.001. The optimization procedure converges if it satisfies 
the following condition for some consecutive iteration. 

(2.7) 

In section 4, our experiments are performed on different 
types of users under different situations. The learning 
algorithm converges well for all the cases. 

The optimization algorithm requires a customer's 
feedback on each product item according to his interaction 
behavior. In an E-Commerce scenario, it is proper to 
assume that the purchased items rank highest according to 
a customer's opinion. If we use symbol >- to denote the 
customer's preference ranking, that is, purchased items >-
other items. Browsed items are ranked lower. In case that 
item B is displayed below item A in the presentation but 
the customer browses item B first, then item B>-item A. 
Non-browsed items are ranked lowest. The customer's 
rank order is then compared to the system's rank order, 
which is computed by a ranking function. All error-ranked 
item pairs are extracted. These error-ranked pairs are 
utilized to learn about the customer's preference 
according to equation (2.5). 

3 Analysis of the Personalization 
Algorithm 
The proposed filtering method is based on the idea of 
evaluating product items using a ranking function. This 
method is based on the following theorem [2][17]. 

Theorem 1: 
For a countable setT, there exists a real-valued mappingf 
T--+ R satisfying the condition 

t >-t' <=> fi.t) > .f(t) 

The symbol>- denotes a customer's preference relation on 
T. For t, t' eT, t >-t' means the customer prefers t to t'. 
Mapped to our filtering model, T denotes a set of product 
items, t is a product item which we have represented as t 
in section 2. 

Theorem 1 ensures that there exists an order-preserving 
function f to measure a customer's preference. But this 
theorem does not say how one can construct such a 
mapping function. Several forms of ranking function have 
been used in IR, such as linear function, cosine function 
and parameterized inner product [4]. 
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In our filtering algorithm, we propose the ranking 
function to be a linear function f (i) = iiTT. The 
simplicity of the ranking function makes it have very low 
computational burden, which is very important for 
Internet commerce implementation, because each product 
item needs to be ranked in real time before presenting to 
customers. Besides the computational efficiency, another 
crucial requirement for the product ranking is that it 
reveals customers' opinion towards a product item, i.e., 
the ranking function should satisfy theorem 1. The 
effectiveness of the ranking function can be proved using 
probabilistic theory. 

We assume the product attributes are independent and the 
value of u}O (customer preference towards the jth range of 
attribute A;) is 

(i) 
Cl> P(t 1 = 11 prefer) 

u = log( --'-:-::-----,====-
1 P(t 1 Cl> = 11 prefer ) 

(3.1) 

Then the following illustration shows that the ranking 
function can be proven to coincide with the probabilistic 
ranking method in IR [8]. 

We use T to denote a product set. Each product item is 
represented by r as shown in equation (2.1), all rE T . 

For a given product f0 , assume the value of attribute A,. 
falls in the j,.th range, i.e., t <t> = 1 , then the conditional 

I, 

probability that the product is preferred by the customer is 

a=P(prefer lt =to) 
= P (prefer It. <1> = 1, t. <2> = 1 t <N> -I) /1 /2 , ••• , jN -

(3.2) 

By Bayer's theorem [8], 

fi (1) } (2) 1 (N) 1) P (pre er, t1 = , t1 = , ... , t1 = 
a = ,1, c2> <N> I) P(t,, =1, tl, =I , ... , t,N = 

_ P ( t
1
, U> =I, t1, '

2
' =I , ... , t1 <N> = II prefer ).P(prefer) 

- (1) (2) 1 (N) ) P(t1, =1, t1, = , ... , t1N =1 

Assume that attributes A1, A2, ••• , AN are independent, then 

(i) a p (prefer ) N P (t 1, = 11 prefer ) 
1-a = P (prefer) Y P (t

1
, Ci> = 11 prefer) (3.3) 

Here prefer means not preferred by the customer. 

Taking the log of the product yields 
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a P (prefer ) N P (t 1 Cl> = 11 prefer ) 
log--= log + _Liog ' 1 (3 4) 

1-a P (prefer) i=1 P (t1, 0 = 11 prefer) · 

If we take the ranking function as 

- 1 a f(t) = og --
1-a (3.5) 

As a larger value of the ranking function means a larger 
value of a, it signifies a higher probability that the 
product is matched to the customer's preference. That is, 
from probabilistic point of view, f (() is a proper ranking 
function that satisfies theorem 1. The first term is a 
constant which can be omitted. The ranking function 
could then be defined as: 

_ ~ P (t 1, Ci> = 11 prefer 
f (t) = £...log -~C.,..il---===-

1=1 P (t1, = 11 prefer (3.6) 

The ranking function (3.6) is the same as the proposed 
ranking function (2.3) provided that u _<I> in the customer 

I 

preference vector u, equation (2.3), is defined as 
equation (3.1). 

According to equation (3.1), the preference value may be 
positive or negative. Positive value means the customer 
prefers that attribute range, while negative value means 
the customer dislike that range. Positive and negative 
preference values have opposite roles in product ranking. 
According to equation (2.3), positive values make the 
ranking higher, while negative values make the ranking 
lower. 

In our personalized filtering model, the customer 
preference is learned through a numerical optimization 
method. The target of this learning method is to find a 
solution vector ii that minimizes the error function J(ii) . 

With this solution vector, the system's ranking will 
coincide with the customer's ranking. From the above 
derivation, we show that with uij taking the value as 
equation (3.1), the ranking function defined by equation 
(2.3) produces the correct ranking. Theoretically, this 
ranking is the same as the customer's ranking so that no 
error occurs. In this case, the ranking function satisfies 
theorem I. This implies that J (ii) = 0 in the learning 
algorithm and the vector ii defined in equation (3.1) is a 
solution vector for the learning algorithm. 

The above analysis shows that if the attributes are 
independent, we could get a linear ranking function that 
reveals a customer's preference. This ranking function 
satisfies theorem 1 from the probabilistic point of view. 

The independence assumption in equation (3.3) is a 
simplifying assumption for the real case. In fact this 
assumption may not be true (e.g., products with high 
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quality tend to have high price), and our proposed linear 
ranking function may not strictly satisfy theorem 1. 
Generally speaking, to find a ranking function that 
satisfies theorem 1 would become intractable without 
some simplifying assumption [17]. In our case, even if a 
ranking function satisfying theorem 1 is not linear, we still 
use linear ranking function for approximation. The 
numerical optimization method will find a solution 
preference vector that optimizes the ranking performance. 
Using the solution preference vector in the defined 
ranking function (2.3), we get the best linear 
approximation to the ideal ranking function identified in 
theorem 1. In the simulation experiment illustrated · in 
section 4, we compare the results of the experiment 
carried on product data with independent attributes and 
that with dependent attributes. We find that the attribute 
dependence has little influence on system performance. 
Thus the linear approximation is an appropriate 
approximation from the experimental point of view. 

4 Simulation Experiment 
This section describes the simulation experiments 
performed to test the performance of the algorithm, 
including its effectiveness in filtering and its 
appropriateness of customer modeling. The system 
performance in the presence of stochasticity in customer 
behavior will be tested. The performance on dependent 
product data was tested as there's always some 
dependence among product attributes in a practical 
situation. 

4.1 Evaluation Metric 
The similarity between product filtering and information 
retrieval enables them to share some performance 
measures. The normalized distance-based performance 
measure (ndpm) has been used to measure the 
performance of information retrieval system [18]. It aims 
to measure the difference between a customer desired and 
a system predicted ranking. 

ndpm measure is defined as 

I. o,.,,,..<t,r'> 
ndpm (>-,,>-.) = ,,, . 21>-.1 (4.1) 

Here >-s is the ranking predicted by the system and the >-u 
is the ranking by the customer. 

8 (t t') is the distance between two items t, t' with 
>-S,>-u ' 

respect to these rankings, it is defined as: 

1
2 if(t>-, t'and t'>-. t)oc(t>-. t'and 

o,.,,...(t,t')= I if(t>-. t'or t'>-. t)andt-, t' 

0 otherwise 
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According to this definition, if the system ranking and the 
customer's ranking are contradictory for the two items t 
and t'; the distance is 2. If the system ranks the same for 
the two items and the customer ranks different, the 
distance is equaled to 1. In other cases, the distance is 
defined as 0. 

In the denominator of equation (4.1), I >-u I is the total 
number of product pairs. Multiplied by 2, the denominator 
acts as the normalization factor to normalize the ndpm 
value to the range [0-1]. A smaller value of ndpm denotes 
a better performance. 

ndpm measures the difference between a system ranking 
and a customer's ranking. In our personalization system, 
the system ranking is computed by equation (2.3). 
Therefore, ndpm measure is used in our experiments to 
measure the effectiveness of the ranking function as well 
as the accuracy of customer preference, which is acquired 
through the learning algorithm. 

4.2 Simulation Methodology 
The simulation environment is shown in Figure 2. 

Product selecting 
strategy 

selected items 
r------ -------------------------------1 

Filtering 
algorithm 

Personalization 
customer system 

matchJ:d 
items L_ ____ _ 

simulated 
ranking 

Simulation of 
customer's preference 
ranking 

test product 
data 

customer 
preference 

test product 
data 

Test product 
data set 

Figure 2 Simulation Environment 

Australian Journal of Intelligent Processing Systems 



88 

There are three data components in the simulation. The 
customer preference storage is part of the personalization 
system. The other two data components maintain product 
data, which are used in the simulation experiment. The 
training product data set comprises 1000 products, while 
the test product data set comprises 200 products. There 
are four attributes in the product description: price, brand, 
quality and guarantee. Attribute "price" is divided into 
four ranges (1-4), while the other three attributes are 
divided into three ranges (1-3) individually. Each product 
attributes is generated using uniform distribution. 

Besides the three data components, there are five 
processing components in the simulation environment, 
which are described briefly below: 

i) Product selecting component. Our experiment 
assumes that there are totally 50 products matching a 
customer's query in each commerce session, the 
product selecting strategy randomly selects 50 
product items from the training product data set as the 
matched items. 

ii) The filtering component. It is part of the 
personalization system. The filtering component 
ranks the 50 items based on the customer's 
preference, selects the top 20 items to the customer 
and filters out the others. 

iii) Customer preference ranking simulating component. 
It simulates the customer's preference ranking 
towards the input product items. Two types of 
customers are simulated as follows: 

• Customer type 1 is assumed to concern about 
product price only. Using symbol >- to denote 
customer preference as introduced in section 2, 
the customer's preference relation towards the 
products is represented as 'very low price'>-'low 
price'>-'medium price'>-'high price'. The 
corresponding customer's ranking value of this 
relationship is set to 3,2, 1 ,0. 

• Customer type 2 is assumed to care about 
product price and quality. His preference relation 
is: 'very low price' + 'high quality' >- 'very low 
price' + 'medium quality' >- 'low price + high 
quality' >- 'low price' + 'medium quality' >-
'medium price' + 'high quality' >- 'medium price' 
+ 'medium quality' >- 'very low price' + 'low 
quality' >- 'low price' + 'low quality' >- 'medium 
price' + 'low quality' >- 'high price' + 'high quality' 
>- 'high price' + 'medium quality' >- 'high price' + 
'low quality'. In this case, the customer's ranking 
value is an integer between 0 to 11. 

iv) Learning component. It is part of the personalization 
system. The learning component learns customer 
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preference based on the simulated customer rankings 
and updates the maintained preference value in the 
storage. 

v) Performance evaluation component. It measures the 
ndpm value between the simulated customer ranking 
and the system ranking based on the test product data 
set. 

Above shows the simulation experiment performed within 
a single commerce session. In our experiment, forty 
commerce sessions are simulated for each customer. 

Our experiments also test the system performance against 
customer stochasticity and product data dependency. The 
methods to simulate customer stochasticity and product 
dependence are described in the following parts of this 
section. 

4.2.1 Simulation of Customer Stochasticity 
In our experiment, the stochasticity is simulated by adding 
some noise to the customer's rank. Gaussian noise is 
selected because it is believed to match the real world 
stochasticity. Here n is used to represent Gaussian noise 
satisfying Normal distribution N(O, en. whose probability 
density function is 

1 x 2 

n(x) = ~ exp( ---) 
v2tru 2t:r 2 (4.3) 

To simulate stochasticity in customer ranking, n is added 
to the customer's ranking values. Take customer type 1 as 
an example, without noise the customer ranking value is 
r-3,2, 1,0, added with noise n, the ranking value will be 
r=3+n, 2+n, 1 +n, n respectively. 

The following example explains the influence of noise in 
the customer's ranking relations: 

Assume product 1 has a medium price and product 2 has a 
high price. For customer type 1 without considering noise, 
product 1 is ranked as r1 = 1 and product 2 is ranked as r2 

= 0. Hence, product 1 is listed prior to product 2 
according to the customer's preference. With noise added, 
the rankings towards the two products will become r1 ' = 
l+n1, r2 ' = 0+n2• For l+n1 > n2, the relative ranking 
remains unchanged, i.e., product 1 >- product 2, the noise 
doesn't affect the customer's preference relation. 
However, if l+n1 < n2, the noise changes the customer's 
relative ranking to product 1 -< product 2. 

The above example shows that with noise added, lower 
priced item may not necessarily be ranked prior to higher 
priced item, thus it reveals stochasticity in the customer's 
behavior. 

The above description also shows that the influence of 
stochasticity is determined by two factors: 

Spring/Summer 200 I 



i) The variance d in the Gaussian distribution. It 
determines the power of noise and larger d means 
greater stochasticity. 

ii) The interval in the customer's ranking values. In the 
above example, the ranking interval between the two 
products is 1. If the interval is enlarged, e.g., if the 
ranking for "medium price" is changed to 2, the 
ranking interval between high and medium price 
becomes 2, then the system will become more 
resistant to noise. 

Above explanation shows that stochasticity is affected by 
these two factors. As a larger ranking interval makes the 
stochasticity effect smaller, it is reasonable to treat the 
square of interval as the power of customer preference. If 
there are n ranking values with equal interval k, then the 
intervals between the rank pairs will be k, 2k, .. . , (n-l)k 
respectively. The averaged interval square is 

Preference _Power = 
( n -l)xe + (n- 2)x(2k)2 + ... + lx[(n -l)k]2 (4.4) 

n(n-1)/2 

With noise added, the initial ranking r~o r2 are changed r1' 
= r1 +n" rz' = rz +n2. Assume r1 >r2, the preference 
relation will be preserved if r/> r2', i.e., (rrr2) + (nr 
n2)>0. The noise that affects the ranking order is nrnz. As 
both n1 and n2 satisfy Guassian distribution N(O, a), the 
power of noise affecting the ranking order (nrnz) is 2d. 

Based on above illustration, a metric named preference-
to-noise ratio (PNR) could be defined to measure the 
stachosticity in customer ranking as following: 

PNR = 20 log Preference ...Power 
20'2 (4.5) 

Here the numerator "Preference_power'' is calculated 
using equation (4.4). 

4.2.2 Simulation of Attribute Dependence in 
Product Data 
As mentioned before, for independent product data, each 
product attribute is generated using uniform distribution. 
Here we discuss the method for generation of dependent 
product data. 

Assume we need to simulate the dependence between the 
attributes "price" and "quality", then two random 
variables a and b are generated satisfying uniform 
distribution, and another random variable c is generated 
by 

c = a.xa+ ~xb (a.+~= I) (4.6) 

a, b are both in the range [0-1], thus c is also in the range 
[0-1]. The correlation parameter between a and c is [ 6] 
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a 
(4.7) 

In equation (4.6), a represents the price, b is a random 
variable and c, the quality, is determined by the equation. 
Through this way, the product data are generated with 
dependence between attribute "price" and "quality". 

4.3 Experimental Results 
Experiments are performed on the two customer types and 
various degree of stochasticity. Experiments are also 
performed to test the influence of initial parameters and 
the influence of attribute dependence in the product data. 

4.3.1 Performance for Two Customer Types with 
Noise Added 
In this experiment, the initial customer preference values 
are set to zero, i.e. the preference vector is set to 
u0 =<0,0,0, .... >. 

Figure 3 shows ndpm for customer type I (concern about 
product price) with different PNR. As mentioned before, 
for customer type 1, the rank values are set to 3,2,1,0 
respectively. According to the definition of PNR in 
equation (4.5), PNR=30dB when a=0.2296, and 
PNR=OdB when a=1.2910. It shows that in all cases, 
ndpm drops greatly after the first session. It means the 
system performance improves greatly after only one 
session of learning. With no noise or small amount of 
noise (PNR=30dB and 15dB), ndpm could reach near to 
zero with very little fluctuation after a few sessions, that 
means the customer's preference could be learned 
accurately enough and the learning procedure converges 
rapidly. The performance gets worse with larger noise 
(PNR=5dB and OdB). With larger noise, the ndpm gets 
larger and so is its fluctuation. In these cases, ndpm 
decreases below 0.1 and continues to fluctuate after about 
20 sessions. It means that the performance is acceptable 
even with large noise. 

Figure 4 shows ndpm for customer type 2 (concern about 
price and quality) with different PNR. For customer type 
2, the rank values are set to 11,10, ... ,0 respectively, in 
this case, PNR=30dB when cr=0.6412, and PNR=OdB 
when a=3.6056. Figure 4 reveals the same result as in 
Figure 3. With no noise or small amount of noise 
(PNR=30dB), ndpm could be near to zero with little 
fluctuation after a few sessions, which means the learning 
procedure converges to the correct customer preference 
values. The performance decreases when noise gets large, 
however it's acceptable even with large noise power. 

4.3.2 Performance with Various Initial Preference 
At the customer's first interaction with the commerce 
system, the system has no idea of his preference. It has to 
initialize his preference to some default values. In the 
above experiment, the initial preference is set to 
u0 =<0,0,0, .... >. To test the influence of initial preference 
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values on system performance, experiments are performed 
with various initial preference values for customer type 2. 
The result is shown in Figure 5. 

The right panel in Figure 5 show the initial preference 
values for attributes "price" and "quality" and the other 
two attributes ("brand" and "guarantee") are set to 0. E.g., 
value "11 00011" means that the initail preference is set to 
ii0 =<1100,000,011,000>. 

The results show that the initial ndpm values are different 
for various initial preference values. The reason is that 
some initial values are closer to the customer's real 
preference while other initial values are far away. E.g., if 
the customer's initial preference is set to 
<1000,000,011,000>, it is closer to the real customer 
preference (i.e., prefer low price and high quality) and 
ndpm is smaller in this case (ndpm = 0.240578). On the 
other hand, if the preference is <0011,000,100,000>, it is 
far away from the real customer preference and ndpm is 
much larger (ndpm = 0.725779). 

Although the initial ndpm differ greatly with various intial 
prefernce values, ndpm drops and converges near to zero 
after one session of learning in all cases, which means the 
customer's preference could be learned accurately 
enough. In other words, the system perfromance is good 
regardless of the initial preference values, i.e., initial 
values have little influence on the system performance. 

4.3.3 Performance on Non-independent Product 
Data 
The above experiments are repeated on independent 
product data. However, in real commerce scenario, there 
is always some dependence between product attributes. 
To test the influence of attribute dependence on the 
system performance, we have performed experiments for 
customer type 2 on product data with various correlation 
parameters. Tests have been performed with and without 
noise, both converge well. Here we show the one with 
noise (PNR=30dB) in Figure 6. 

The right panel in Figure 6 shows different correlation 
parameter r, which is calculated using equation (4.7). 

The results show that in all cases ndpm decreases nearly 
to zero with little fluctuation after a few sessions. This 
means that our algorithm performs well on non-
independent product data. It proves that the attribute 
dependency has very little influence on system 
performance. In fact, the performance is satisfactory 
enough even with highly correlated product data. 

4.3.4 Summary 
Section 3 has theoretically proved the effectiveness of the 
proposed personalization algorithm. This section verifies 
the effectiveness experimentally. The experiment results 
show that with independent product data, the performance 
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is good as it converges quickly after a few learning 
sessions. 

As stochasticity is an important factor that affects the 
online learning procedure, it is simulated in our 
experiments to test its influence in system performance. 
The results show that we get good performance under 
little noise and it's acceptable even with very large noise. 
It shows the performance is robust in the presence of 
stochasticity. 

Experiments with various initial preferences show that the 
initial setting of this parameter does not affect the system 
performance. Experiments on non-independent product 
data show that the correlation between product attributes 
has little influence on system performance. As mentioned 
before, the product attributes are not independent in real 
products and the linear ranking function in our algorithm 
is an approximation. The experiment on correlated data 
shows that this approximation is a reasonable one. 

5 Conclusion and Future Research 

5.1 Conclusion 
We have proposed a personalized product filtering model 
for Electronic Commerce. The filtering process is based 
on a ranking function and the parameters of the ranking 
function are personalized by customers' preferences. In 
our model, a linear ranking function is proposed with 
vector representation of customer preference. The 
customers' preferences are learned from observed 
customer behavior using an inductive learning method. 
The proposed filtering algorithm using the linear ranking 
function simplifies computation and it is suitable for real 
time E-Commerce implementation. 

We proved the effectiveness of the filtering algorithm 
using probabilistic theory and IR techniques. The 
effectiveness of the algorithm has also been proved by 
simulation experiments. The experimental results show 
that the algorithm is robust against stochasticity in 
customers' behavior, as well as dependency in product 
attributes. 

5.2 Considerations for Real World 
Implementation 
The personalization algorithm performs well in the 
simulation experiments. However, the following factors 
need to be considered before putting it into real world 
implementation: 

i) The experiment uses four attributes ("price", "brand", 
"quality" and guarantee") for product representation. 
In real world implementation, a set of attributes for 
each catalog of products needs to be defined. 
Different products have different attributes. Proper 
definition of these attributes may be achieved by 
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conducting some survey and consultation with 
specialists. 

ii) The number of attributes in the attribute set and the 
division of attribute ranges need to be determined. 
Too small number of attributes and attribute ranges 
affects filtering accuracy, while too large number of 
attributes and ranges leads to computational burden. 
The number of attributes and the division of attribute 
ranges are subject to adjustment according to real 
world performance. 

iii) Mediating service is required to assign each product 
proper attribute values. Take quality as an example, 
quality evaluation service is needed to evaluate 
whether a product has low, medium or high quality. 

iv) The method to capture and record customers' 
behavior has been discussed in section 2.3. It is 
subject to real world testing and adjustment. 

v) Customer privacy is another concern in real world 
implementation. Customer directory service provider 
plays an active role in protecting customer privacy, as 
well as acquiring, maintaining and distributing 
customer information. 

Above discussion shows that successful real world 
implementation requires further research in our topic, as 
well as development in other e-commerce areas. 

5.3 Future Research 
Possible future work includes the following to improve 
the proposed algorithm: 

i) The detection of customer preference change and the 
re-configuration of preference vector. Internet 
commerce is a dynamic and uncertain environment, a 
long-term preference for one customer may be short-
term ones for another, and customers' preferences 
may change overtime. The challenge is to make the 
system aware of the dynamic changes in a customer's 
preference and make the preference vector re-
configurable. 

ii) Combination with collaborative filtering. Our 
proposed filtering algorithm is based on the content 
of the information. Pure content-based system has 
some shortcomings, e.g., good filtering performance 
could only be achieved after certain amount of 
customer feedback. Collaborative filtering uses 
information selected from an individual's community 
status and relationship [3][14]. Combination with 
collaborative approach could avoid the limitations for 
pure content-based one, thus get the system 
performance improved. 
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