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Abstract

Web Intelligence (WI) is a new and active research field
in current AI and IT. Personalized recommendation in an
intelligent B2C portal is an important research topic in
WI. In this paper, we first investigate the architecture of
a B2C portal from the viewpoint of conceptual levels of
WI. Aiming at data mining of knowledge-level in a B2C
portal, we present a new improved learning algorithm of
Bayesian Networks, which consists of two major contribu-
tions, namely, making the best of lower order Conditional
Independence (CI) tests and accelerating search process by
means of sort order for parent nodes. By a number of ex-
periments on ALARM datasets, we find that the proposed
algorithm is both more efficient and effective than others.
We have applied this algorithm to a commodity recommen-
dation system in a B2C portal. Our experimental results
demonstrate that the recommendation method based on a
Customer Shopping Model (CSM) produced by the new al-
gorithm outperforms some traditional ones in rates of cov-
erage and precision.

1 Introduction

Web Intelligence (WI) is a new and active research field
in current AI and IT [1, 2]. WI technologies bring many
revolutionary changes for scientific research and develop-
ment on the Internet. In particular, there are great potentials
for WI to make useful contributions to e-commerce, and e-
commerce intelligence becomes one of major subfields in
WI. For B2C e-commerce, the shopping activity that in-

volves private customers is undergoing a significant revo-
lution. It is a focus on how to find meaningful knowledge
about customer shopping behaviors and enable a portal in-
telligence.

An intelligent B2C portal is a multi-functional gateway,
which provides various information and services available
at a single website [3]. The basic prerequisite for the suc-
cess of a B2C portal is to fulfill the personalized recom-
mendation for commodities. As the personalized needs of
customers are rapidly increasing, the personalized recom-
mendation for customers has become an important issue for
customers and business alike. For a customer, a person-
alized portal creates a true customized shop for each one,
which will save every customer’s time and make every cus-
tomer go to needs nonstop. On the other hand, an intelligent
portal can capture potential customers’ demands and adapt
its marketing strategies, which increases many chances of
cross-selling and enhances the competitiveness of the busi-
ness site. Thus, many researchers focus on how to find cus-
tomers’ behavior patterns and realize the personalized rec-
ommendation in a B2C portal.

Many recommendation systems have been studied over
the last decade. Existing techniques include nearest neigh-
bor algorithm, Bayesian analysis, clustering technique, and
many others. Generally speaking, we can divide these tech-
niques into two categories, one is called user-based tech-
nique which is based on user relations, such as the near-
est neighbor algorithm and cluster technique. The other is
called model-based technique which is based on item rela-
tions, such as association rules, posteriors probabilities, and
so on.

In [4], we proposed and experimentally evaluated a
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new approach in making commodities recommendation,
which is based on a Customer Shopping Model (CSM) of
Bayesian networks by learning from commerce transaction
data. This approach formalizes commodity recommenda-
tion as knowledge representation of customer shopping in-
formation and knowledge inference process. In order to en-
hance performance of the learning algorithm, we present an
improved Bayesian Networks (BN) learning algorithm in
this paper. The modified algorithm is more efficient than
the original one which is used in the personalized recom-
mendation system. Moreover, as the modified algorithm has
higher accuracy, it can preserve precision and coverage of
the recommendation system.

The rest of the paper is organized as follows. Section 2
glances at the architecture of a B2C portal from the view-
point of conceptual levels of WI. In Section 3, we review
the personalized recommendation method based on BN. In
Section 4, we describe the improved learning algorithm of
BN in detail. Section 5 reports our experimental results.
Finally, we conclude the paper in Section 6.

2 The Architecture of a B2C Portal

A B2C portal enables a business company to create a vir-
tual marketplace on the Web where abundant information
and services of commodities are provided for customers.
Although specific features of different portals are differ-
ent, the common functionalities of the portals for B2C e-
commerce are the same, such as usability, customization,
openness, and transparency [3]. These common features
are implemented by using WI technologies and are evolved
with the development of WI technologies. In light of four
conceptual levels of WI [2, 5], the architecture of a B2C
portal can be shown in Figure 1.

(1) Internet-level communication. A B2C portal is a
computer-network system, which employs some network
protocols to communicate with customers. By means of in-
ternet media, the B2C portal builds the interconnection of
client-server model between the Web server and customer’s
browsers. The internet-level provides general communica-
tion infrastructure with protocol softwares.

(2) Interface-level contact. A B2C portal first serves
as a Web server. Through the server, millions of Web cus-
tomers can access the vast of information, services, and ap-
plications available on the business site. In the meantime,
the server collects the shopping information of customers,
and traces customers surfing behaviors. It is obvious that
interface-level provides customers with a single point of
contact for online access to commodity information and re-
source.

(3) Application-level service. The application server
fulfills many specific projects, such as personalized in-
formation search, proactive recommendation, mutual cus-
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�

Figure 1. The architecture of a B2C portal
based on conceptual levels of WI

tomization, shopping manual, commodity order, and so on.
These functional modules support the B2C portal to achieve
several application services, and meet the needs of cus-
tomers by way of Web server. Though almost all intelli-
gent functions are carried out in the level, many capabilities
in these services depend on knowledge discovery in cus-
tomers’ data. Thus, the application-level acts as a link man
between Web server and data integration and mining.

(4) Knowledge-level discovery. There are various data
sources in a B2C portal, which include Web server log, cus-
tomer’s basic information, shopping business data, and Web
metadata, and so on. Hence, the data integration and min-
ing is a prerequisite step to all of the techniques that pro-
vide customers with personalized service. With the excep-
tion of processing and managing data, the knowledge-level
performs tasks of data integration and mining in a B2C por-
tal. For a high functioning B2C portal, this level is the key
element of an intelligent portal.

Aiming at personalized recommendation in a B2C por-
tal, we stress knowledge discovery in customers’ transac-
tion databases in this paper, and discuss a new learning al-
gorithm of Bayesian networks.

3 The Personalized Recommendation Based
on CSM

Bayesian Networks (BN) offer a powerful framework
that can handle uncertainty and tolerate noise, and the BN
model has been widely applied to data mining systems. If
we take each attribute of commodity category in transac-
tion databases T as a network variable, we can use BN to
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represent the customers shopping model (CSM). In light
of customer shopping behavior in T , the CSM can capture
mutual relationships between commodity categories. Let
{C1, C2, . . . , Cn} be the variables of the model and Pa(Ci)
be the parent set of variable Ci in the network. The joint
probability distribution, P, can be obtained by means of the
following expression:

P (c1, c2, · · · , cn) =
n∏

i=1

P (ci|pa(ci)) (1)

where ci denotes a value in the domain of variable Ci,
pa(ci) denotes any assignment of compounding values to
the variables in the set Pa(ci). In the CSM, the variable Ci

is a boolean variable, a true value means that a customer has
purchased a commodity in this category, and a false value
quite means the contrary.

In [4], we discussed in detail the personalized rec-
ommendation method that consists of data preprocessing,
model learning, and a recommendation engine. After data
preprocessing, the system acquires the CSM by means of
a learning algorithm of BN, which can reflect the individ-
ual shopping behaviors and habits of the customer. Then
the recommendation engine based on probability inference
takes the effect to generate a personalized recommendation
set of commodity categories for each customer. Because
the algorithm adopted in the recommendation system needs
to perform large numbers of conditional independence (CI)
tests and some test results may be inaccurate, it is difficult
to adapt to the real dynamic business environment. In or-
der to overcome the drawbacks, we propose, in this paper, a
modified hybrid algorithm of BN called EI-B&B-MDL.

4 EI-B&B-MDL

A BN is an annotated directed acyclic graph that encodes
a joint probability distribution over a finite set of random
variables. Generally speaking, there are two approaches for
finding structure [6]. The first approach poses learning as a
constraint satisfaction problem. By estimating properties of
conditional independence (CI) among the attributes in the
data, people build a network that exhibits the learned re-
lationships of dependence and independence. The second
approach poses learning as an optimization problem. By
means of a statistically motivated score, people search for
an optimal structure that is optimum to the observed data.
As each has its own weakness, there has grown a lot of hy-
brid algorithms in the last decade [6, 7, 8].

4.1 The MDL-based Learning Algorithm

In a feasible solution space, the MDL-based learning al-
gorithm searches for an optimal structure that satisfies the

condition of minimum description length (MDL). The ba-
sic flow of the algorithm can be described as follows.

If the finite set of random variables for a BN is denoted
by χ = {X1, · · · , Xn}, where each variable Xj , j ∈ J =
(1, 2, · · · , n), may take on values from a finite set Aj =
{0, 1, · · · , aj−1}(aj ≥ 2: some integer), the learning of the
network structure virtually is the identifying of parent sets
{Π1, Π2, · · · ,Πn}, where Πj is the set of nodes that a node
Xj depends on. Given a sample set x(i)={x1, · · · , xn} of χ,
i ∈{1,2,· · ·,N}, where N is the sample capacity, then x(i) ∈
A =

∏
j∈J Aj , xN = x(1)x(2) · · ·x(N) ∈AN . While G

is the set of possible network structures, g ∈ G, then the
description length L (g, xN ) of BN is expressed as [9]:

L(g, xN ) = H(g, xN ) +
k(g)

2
log N (2)

where empirical entropy H(g, xN ) describes the fitness
of each possible structure to the observed data, and
H(g, xN ) =

∑
j∈J H(j, g, xN ), k(g) is the description for

complexity of nodes, which stands for the number of inde-
pendent conditional probabilities embedded in the structure
g, and k(g) =

∑
j∈J k(j, g).

H(j, g, xN ) =
∑

s∈S(j,g)

∑

q∈Aj

−n[q, s, j, g] log
n[q, s, j, g]
n[s, j, g]

(3)

k(j, g) = (aj − 1)
∏

k∈φ(j)

ak (4)

n[s, j, g] =
N∑

i=1

I(πj
i = s) (5)

n[q, s, j, g] =
N∑

i=1

I(xj
i = q, πj

i = s) (6)

where φ(j) = {1, 2, · · · , j − 1} is the sequence number
set of parent nodes, S(j, g) is the set of the corresponding
realization.

Based on the above preparation, the problem of learn-
ing BN becomes a search problem for a structure with
MDL metric. Generally speaking, an exhaustive recursive
search can be applied to the MDL-based search procedure.
However, the cost of those evaluations is acute for mas-
sive datasets since this search examines all possible local
changes in the set of parent nodes.

4.2 The B&B-MDL-based Learning Algorithm

In order to reduce the computational complexity for em-
pirical entropy, Suzuki proposed a Branch&Bound-MDL-
based learning algorithm called (B&B-MDL) [9], which
can avoid worthless recursive calls for some branches of
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search tree by estimating the MDL score with a lower cost.
In other words, if the value of MDL1 in the last step is
smaller than the lower bound of MDL2 in current step, and
if the lower bound can be computed with a lower cost, then
the further recursive calls in current step can be avoided.

Although the conditional probability k(j, g) increases
along with the number of parent nodes increasing, the
value of empirical entroy is nonnegative and descending
monotonously, and the decrement of empirical entropy is
at most the current empirical entropy H(j, g, xN ). Thus,
for a new increasing parent node q, if

H(j, g, xN ) ≤ k(j, g)(aq − 1)
2

log N, (7)

then MDL2 ≥ MDL1 always holds in this step, namely,
any recursive call is meaningless because the value of
k(j, g) is more increased.

4.3 The I-B&B-MDL-based Learning Algorithm

Although the B&B-MDL-based learning algorithm can
improve the MDL-based learning algorithm only from the
viewpoint of search, there still are most of the candidates
considered during a search process to be eliminated in ad-
vance based on statistical understanding of the domain.
Aiming at this problem, Qiang presented an improved al-
gorithm called as I-B&B-MDL [8]. The general idea is
quite straightforward. By using a set of lower order inde-
pendence tests (χ2 test), the algorithm restricts the search
space and enhances the search efficiency. More precisely,
the algorithm uses the mutual information to construct ini-
tial network, which restricts the possible parents of each
node. Thus, instead of having j − 1 potential parents for
a node, we only consider k possible parents in each search.
Since the search space is significantly restricted, the search
performs faster than B&B-MDL.

Unfortunately, when the number of nodes is large, there
are two major problems for I-B&B-MDL. Since the num-
ber of tuples of each conditional set is too large, it is expen-
sive that the cost of collecting various statistics about data
and computing mutual information even if only performing
lower order independence tests. Moreover, the algorithm
cannot ensure that there are enough pruned subtrees to make
I-B&B-MDL more efficient than B&B-MDL, because there
is extra cost of CI tests.

4.4 The EI-B&B-MDL-based Learning Algo-
rithm

In order to overcome the above drawbacks, we pro-
pose an improved algorithm called enhanced I-B&B-MDL
(EI-B&B-MDL). There are two major contributions in this

algorithm. Firstly, order-0 and partial order-1 indepen-
dence tests are used to obtain an original graph of the net-
work, which reduces the number of independence tests and
database passes while effectively limiting the search space.
Secondly, by means of the heuristic knowledge of mutual
information, sort order for candidate parent nodes increases
the cut-offs of B&B search tree and accelerates search pro-
cess. In order to account distinctly for our algorithm, we
give the definition of order-1 unilateral double-connection.

Definition 1. Given an arc between two nodes Xi and
Xj in a Bayesian network, if there is another path which
is the same direction as the arc, and the path only include
an extra node Xk, we call this acyclic subgraph as order-1
unilateral double-connection.

The major steps of the learning algorithm are as follows.

Step 1. Given a node ordering, build the initial graph G0

by means of order-0 CI tests, in which each arc meets
to the constraint condition I(Xi, Xj) ≥ ε (ε is the test
threshold), where

I(Xi, Xj) =
∑

xi,xj

P (xi, xj) log
P (xi, xj)

P (xi)P (xj)
(8)

and record the mutual information of each arc in G0.

Step 2. For every order-1 unilateral double-connection in
G0, conduct order-1 CI tests in light of Eq. (9)

I(Xi, Xj |Xk) =

∑

xi,xj ,xk

P (xi, xj) log
P (xi, xj |xk)

P (xi|xk)P (xj |xk)
(9)

and remove the invalid arc that does not pass a χ2 test.
As a result, simplify G0 to G1.

Step 3. For each node Xj , ascertain candidate parents
Π(Xj) of the node according to the structure of G1,
and produce an ordering of parent nodes by sort-
ing each arc’s mutual information in ascending or-
der. Then adopt the enhanced B&B-MDL (EB&B-
MDL) technique to search from top to down, find a
Π(Xj) with the minimum MDL score and confirm
the local optimized structure of Xj . Let π1 = φ,

p1 = aj−1
2 log N , the main procedure of the EB&B-

MDL algorithm is shown in the top of next page.

5 Empirical Study

5.1 The Performance of the EI-B&B-MDL Algo-
rithm

To assess the performance of the proposed algorithm, we
use the benchmark dataset of ALARM network, which is a

Proceedings of the IEEE/WIC/ACM International Conference on Web Intelligence (WI’04) 
0-7695-2100-2/04 $ 20.00 IEEE 



Algorithm: EB&B-MDL(π1, p1,MDL1, Π1)
/∗ π1 : the initial set of parents

p1 : the initial complexity description
MDL1 : the optimization score
Π1 : the set of parents after this search ∗/

Begin:
1. Compute the empirical entropy H1 and

MDL1 ← H1 + π1; Π1 ← π1;
2. if π1 = Φ then j ← 0 else j ← the last element in π1;
3. For j + 1 ≤ q ≤ k

/∗ k: the cardinality of candidate parents’ set ∗/
{
π2 ← π1 ∪ Node(q);
/∗ attach a new node q at the end according to the
sort ascending of candidate parents ∗/
p2 ← p1 × aq;
/∗ update complexity description of node ∗/
if H1 > p1 × (aq − 1) then

EB&B-MDL(π2, p2,MDL2,Π2);
/∗ predict the MDL of the node, if it diminishs, then

call recursive search∗/
if MDL1 > MDL2 then

MDL1 ← MDL2; Π1 ← Π2;
}

End.

medial diagnostic system containing 37 nodes and 46 arcs.
The platform used for conducting following experiments is
a PC with PIV 2.0GHz CPU, 256M memory, and runs un-
der Windows XP. The datasets were stored in an Access
database.

Under the same condition, we perform the I-MDL algo-
rithm based on order-0&order-1 CI tests, the I-B&B-MDL
algorithm based on order-0&order-1 CI tests, and the EI-
B&B-MDL algorithm, respectively. Figure 2 shows the
time performance of different algorithms in experiments on
currency databases of Alarm. From the results, we can see
that the running time of our algorithm is less than that of
other algorithms over the whole scope of sample capacity;
and the bigger the sample size is, the more obvious the dif-
ference is. Moreover, the fact that the running time of our
algorithm increases so slowly suggests that our algorithm
will be able to handle very large datasets, so the EI-B&B-
MDL algorithm is promising.

5.2 Application in the Personalized Recommen-
dation in a B2C Portal

We have applied the EI-B&B-MDL algorithm to learn-
ing the customer shopping model in a CSM-based recom-
mendation system [4], which is a kind of personalized rec-
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Figure 2. The comparison of time perfor-
mance of different algorithms

ommendation system used to find unsold commodities to
online customers, and conduct our experiments with real
world data. Tests with real world data allow us to evaluate
whether or not the method is potentially useful in practice.

By the probability inference of the recommendation en-
gine, we can get a recommendation set of commodities for
each online customer. Then we make use of two metrics of
precision and coverage to evaluate the effectiveness of the
recommendation system in a B2C portal. Because the ac-
curacy of our learning algorithm is higher than the former
algorithms, the effectiveness of the CSM-based recommen-
dation method is improved in some sort.
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Figure 3. The curves of average precision of
different recommendation methods

The curves of average precision and coverage of dif-
ferent recommendation methods are shown in Figures 3
and 4, respectively. From these curves, we can see that our
method is better than the AR method (based on association
rules) [10] and the CIP method (based on condition inde-
pendence possibility) [11]. The reason is that the BN-based
recommendation method virtually is a hybrid of the AR and
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Figure 4. The curves of average coverage of
different recommendation methods

CIP methods. A local structure of each node in BN can be
seen as a kind of association rules, and parameters of each
node denote the conditional probabilities between nodes of
commodity category. As the knowledge representation of
BN is compact, our method can avoid the defects of the AR
method while the rules are not integrated, and can overcome
the shortcomings of CIP to some extent, which uses strong
constraints of conditional independence.

6 Conclusions

In this paper, we studied the personalized recommenda-
tion in a B2C portal, and proposed a new improved algo-
rithm, EI-B&B-MDL, for learning Bayesian networks effi-
ciently and effectively. The algorithm first makes full use
of few order-0&1 CI tests to obtain an original possible
graph of the network, which reduces the number of indepen-
dence tests and database passes while effectively restricting
the search space. By means of the heuristic knowledge of
mutual information, the algorithm fulfills sort order of can-
didate parent nodes, which increases the cut-offs of B&B
search tree and accelerates search process. In experiments
on currency datasets of Alarm, the modified algorithm is
faster than some hybrid algorithms while keeping with high
accuracy, and it is suggested that large data sets can be han-
dled. Hence the modified algorithm is a powerful and effi-
cient algorithm.

We have applied the EI-B&B-MDL algorithm to a per-
sonalized recommendation system based on CSM and com-
pared the effectiveness of the recommendation method with
that of other methods. The experimental results show that
the CSM-based recommendation method outperforms other
methods by its overall performance. This study shows that
the EI-B&B-MDL is a promising data mining approach for
personalized recommendation in a B2C portal. Our future
work includes studying more rigorous bound expression

and improving the algorithm of recommendation engine.
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