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Abstract. Web Intelligence (WI) is a new and active research field in current AI and IT. Intelligent B2C Portals are an
important research topic in WI. In this paper, we first investigate and analyze the architecture of a B2C portal for personalized
recommendation from the viewpoint of conceptual levels of WI. Aiming at knowledge-level data mining in a B2C portal, we
present a new improved learning algorithm of Bayesian Networks, which consists of two major contributions, namely, reducing
Conditional Independence (CI) test costs by few lower order CI tests and accelerating search process by means of sort order
for candidate parent nodes. Experimental results on benchmark ALARM data sets show that the improved algorithm has high
accuracy, and is more efficient in the time performance than other algorithms. Finally, we apply this algorithm to learning
Customer Shopping Model (CSM) in an intelligent recommendation system. By a number of experiments on real world data,
we find that the recommendation method based on the learned CSM outperforms some traditional ones in rates of coverage and
precision.
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1. Introduction

Web Intelligence (WI) is a new and active research
field in current AI and IT [21,22]. The WI tech-
niques bring many revolutionary changes for scientif-
ic research and development on the Internet [8,11,20].
In particular, there are great potentials for WI to make
useful contributions to e-commerce, and e-commerce
intelligence becomes a major subfield in WI. For the
B2C e-commerce, the shopping activities of private
customers are undergoing a significant revolution. It
has been a focus on how to find meaningful knowl-
edge about customer shopping behaviors and enabling
an intelligent portal.

∗Corresponding author. E-mail: jjz01@bjut.edu.cn.

An intelligent B2C portal is a multi-functional gate-
way, it provides various information and services at
a single website [4]. In an e-business B2C portal, a
recommendation system is used to suggest commodi-
ties to potential customers and to provide online con-
sumers with some personalized services [16]. In order
to achieve different recommendation goals, a recom-
mendation system often adopts two ways: the targeted
marketing and the personalized recommendation. The
first way can predict the potential buyers when a new
commodity is present; and the second way can help a
marketer to decide what commodity should be recom-
mended to a special customer. Data mining for targeted
marketing has been investigated in our papers [19,24].
This paper focuses on personalized recommendation.

Generally speaking, the basic prerequisite for the
success of an e-business B2C portal is to fulfil the per-

1570-1263/07/$17.00 2007 – IOS Press and the authors. All rights reserved



128 J. Ji et al. / An improved Bayesian network structure learning algorithm and its application in an intelligent B2C portal

sonalized commodity recommendation. With the per-
sonalized needs of customers rapidly increasing, the
personalized recommendation has become an impor-
tant issue for a customer and a business alike. For
a customer, a personalized portal creates a true cus-
tomized shop, which will save his/her time and make
him/her to go to needs immediately. In addition, an
intelligent portal can capture potential customers de-
mands for a business, and help a business to adapt its
marketing strategies, enhancing the competitiveness of
the business site. Thus, many researchers focus on how
to find customers’ behavior patterns and accomplish
the personalized recommendation in an intelligent B2C
portal.

There are many recommendation systems studied
over the last decade, including several techniques, e.g.,
the nearest neighbor algorithm, the Bayesian analysis,
the clustering technique, and many others. In general,
these techniques can be divided into two categories,one
is called user-based technique which is based on user
relations, such as the nearest neighbor algorithm and the
customers cluster technique. The other is called model-
based technique which is based on item relations, such
as association rules, posteriors probabilities, and so on.

In [7], we proposed and experimentally evaluated a
new approach in making commodities recommenda-
tion, which is based on an Bayesian Customer Shop-
ping Model (CSM) learned from commerce transaction
data. This approach formalizes commodity recommen-
dation as knowledge representation of customer shop-
ping information and the knowledge inference process.
In order to enhance performance of the learning al-
gorithm, we present an improved Bayesian Network
learning algorithm in [8]. This paper is an extension
of [8], giving more detailed algorithm description and
further experimental results.

The remaining of this section first discusses about re-
lated work, and then gives an architecture of an intelli-
gent B2C portal based on conceptual levels of WI. Sec-
tion 2 introduces preliminary knowledge on Bayesian
Network structure learning. In Section 3, we describe
an improved learning algorithm of BNs in detail. Sec-
tion 4 reports our experimental results. Finally, we
conclude the paper in Section 5.

1.1. Related work

A Bayesian Network (BN) is an annotated directed
acyclic graph that encodes a joint probability distribu-
tion over a finite set of random variables. By means
of BNs, people can depict and discover many convinc-

ing probability dependencies. Thus, a BN has been a
powerful knowledge representation and reasoning tool
in the uncertainty knowledge field. Especially, the de-
velopment of data mining in the last decade has signifi-
cantly stimulated the interest in learning a BN structure
from data.

Generally speaking, there are two basic approaches
to build a BN structure. The first one poses a BN’s
learning as an optimization problem [5,6,15,17]. The
second approach poses a BN’s learning as a constraint
satisfaction problem [1,10]. As each has its own weak-
nesses, a lot of hybrid algorithms [13,14,18] uniting
these two approaches have been developed in recent
years. The general idea is quite straightforward. First,
conditional independence (CI) tests are performed to
get an initial network that people are willing to con-
sider, which reduces the search space. Then, a search
algorithm is called to find a good network structure
which has the best motivated score. Friedman et al. [3]
proposed a fast iterative algorithm, which restricts the
parent nodes of each variable to a small candidate sub-
set by means of dependent relationships learned from
data, then searches for a network that satisfies these
constraints. In [18], the researchers introduced a novel
hybrid algorithm, which also combines CI tests with
the score-and-search process. Based on a similar idea,
Qiang Lei [13] proposed a hybrid algorithm, the I-
B&B-MDL algorithm, which restricts the search space
using heuristic knowledge and enhances the search effi-
ciency by Branch&Bound technology. Given an order
of nodes, the I-B&B-MDL algorithm is an efficient one
in comparison with other algorithms. However, there
are two drawbacks: expensive costs for performing CI
tests and no assured efficiency of pruning branches.

This paper proposes an enhanced I-B&B-MDL algo-
rithm, which reduces constraint computation costs by
performing few lower order CI tests (order-0 and partial
order-1) and improves the pruning efficiency by means
of sort order for candidate parent nodes (according to
the mutual information between nodes). We also give
an application in an intelligent B2C portal.

1.2. The Architecture of an intelligent B2C portal

An intelligent B2C portal enables a business com-
pany to create a virtual personalized marketplace on
the web, where abundant commodities information and
services are provided for every customer. Although
specific features of different portals are different, the
common functionalities of these portals for B2C e-
commerce are the same, such as usability, customiza-
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Fig. 1. A typical logic architecture of an intelligent B2C portal.

tion, openness, and transparency [4]. These common
features are implemented by using WI techniques and
are evolved with the development of WI techniques.

Figure 1 shows a typical logic architecture of an
intelligent B2C portal. In this diagram, there are three
kinds of servers from the viewpoint of logic, namely
data server,application server,and web server. The data
server provides the basic support for the application
server, and the application server gives the instructions
for the web server presentation. Moreover, the web
server serves as a contact window for collecting data in
the data server. Thus, a cycle of workflows is formed.
Extending the four conceptual levels of WI [22,23], the
architecture of this B2C portal can be shown in Fig. 2.

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

(2) Interface-level contact. A B2C portal first
serves as a web server. By way of a web server, a cus-
tomer’s browser connects to a B2C portal and requests
a page, then the portal responds and sends back the
requested page. That is, a customer’s browser forms
a connection to a web server, requests a page and re-
ceives it. It is obvious that the interface-level provides
customers with a single point of contact for online ac-

Fig. 2. The architecture of the B2C portal based on conceptual levels
of WI.

cess to commodity information and resource of a B2C
portal.

(3) Application-level service. The application serv-
er fulfills many specific projects, such as the person-
alized information search, the proactive recommenda-
tion, the mutual customization, the shopping manual,
the commodityorder, and so on. These functionalmod-
ules support the B2C portal to achieve several appli-
cation services, and meet the needs of customers by
means of a web server. Though almost all intelligent



130 J. Ji et al. / An improved Bayesian network structure learning algorithm and its application in an intelligent B2C portal

functions are carried out in this level, many capabilities
in these services mainly depend on knowledge discov-
eries in a business portal’s data. Thus, the application-
level acts as a link man between a web server and a data
server.

(4) Knowledge-level discovery. With the excep-
tion of preprocessing data, the knowledge-level mainly
performs many tasks of data integrating and mining,
knowledge evaluating and reasoning in a B2C portal.
These tasks are some prerequisite steps to all of the
techniques that provide customers with intelligent ser-
vices. For a high-performance B2C portal, this level
is the most key element of an intelligent portal, and it
employs many WI techniques, such as web mining and
farming, web informationmanagement, web agent, and
so on.

(5) Data-level collection. As mentioned above,
there are various data sources in a B2C portal. Hence,
the data-level mainly accomplishes collecting, storing
and managing data. In such a distributed web envi-
ronment, all kinds of database techniques can be em-
ployed to design proper database management systems
(DBMS), which give each B2C portal the ability to
store, retrieve and manage information. Whatever type
of information the system wants to track, manage, or
analyze, this level can build a database application to
suit different needs. Thus, the level provides the most
basic and immediate support for the previous levels.

Currently, most of intelligent B2C portals are used to
provideautomatically online customers with commodi-
ties information and services. Especially, the intelli-
gence and personalization of B2C portals have gradu-
ally become an acknowledged measure of comparison
for advanced or high-performance portals. This trend
also inspires the development of WI techniques. In this
paper, we stress knowledge discovery in customers’
transaction databases, and discuss a new learning algo-
rithm of BNs and its application in an intelligent B2C
portal.

2. Preliminary knowledge

2.1. Bayesian networks

A Bayesian Network (BN) is represented byBN =
〈X, A,Θ〉, where 〈X, A〉 depicts a directed acyclic
graph, each nodeXj ∈ X = {X1, · · · , Xn} repre-
sents a domain variable. Each arca ∈ A represents a
probabilistic dependency between the associated nodes.
Θ = {θj} is a set of network parameters, whereθj

depicts a conditional probability table associated with
each nodeXj , which quantifies how much does a node
depend on its parents. In graph way, a BN specifies a
unique joint probability distribution overX:

P (X1, X2, · · · , Xn) =
n∏

j=1

P (Xj |Π(Xj)) (1)

wheren is the number of variables in setX, Π(Xj) =
{Xi : i ∈ φ(j)} denotes the parent set ofXj in the
graph,φ(j) is a subset of{1, 2, · · · , j − 1}.

2.2. Conditional independence test

In a BN’s learning, a CI test is a typical metric that
checks the independence relationship between two vari-
ables under conditional set of variables. The basic of CI
is the metric of information flow in information theory,
thus the mutual information of two variablesX1, X2 is
defined as

I(Xi, Xj) =
∑

xi,xj

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

(2)

and the conditional mutual information is defined as

I(Xi, Xj |C) =
∑

xi,xj,c

P (xi, xj , c) log

(3)
P (xi, xj |c)

P (xi|c)P (xj |c)
whereC is a conditional set of nodes,P denotes the
instance frequency observed from the sample database.
The mutual information can show if the two variables
are dependent and if so, how close their relationship
is. Hence, whenI(Xi, Xj |C) is smaller than a certain
threshold valueε, we can say thatXi is independent
of Xj given the set C, or elseXi is dependent ofXj .
So we can deduce if there is a connection between two
variables in light of their mutual information [1]. Aχ 2

test is another method to estimate a connection between
two variables [10]. Given a degree of confidenceσ,
we can deduce if there is a connection between two
variables using thep-value generated byχ2 test. In
effect, if the p-value is greater than or equal toσ, X i is
independent ofXj , this implies that there is no direct
connection between these two nodes. Otherwise, if the
p-value is lesser thanσ, Xi is dependent ofXj , this
implies that a connection betweenXi andXj can exist
in the resultant network.
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2.3. Previous work on MDL-based learning
algorithms

In a feasible solution space, the MDL-based learning
algorithm searches for an optimal structure that satisfies
the condition of minimum description length (MDL).
The main idea of the algorithm can be described as
follows.

If the finite set of random variables for a BN is
denoted byX, where each variableXj, j ∈ J =
(1, 2, . . . , n), may take on values from a finite set
V j = {0, 1, . . . , vj − 1}(vj � 2: some integer), the
learning of a network structure virtually is the iden-
tifying of parent sets{Π1,Π2, . . . ,Πn}, whereΠj is
the set of nodes that a nodeX j depends on. Given
a sample setx(i)={x1, . . . , xn} of X, i ∈{1,2,. . .,N},
where N is the sample size, thenx(i) ∈ V =

∏
j∈J V

j ,

xN = x(1)x(2) . . .x(N) ∈V N . Supposing thatG is
the set of possible network structures,g ∈ G, then
the description lengthL (g, xN ) of a BN is expressed
as [14]:

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

2
logN (4)

where empirical entropyH(g, xN ) describes the fit-
ness of each possible structure to the observed data, and
H(g, xN ) =

∑
j∈J H(j, g, xN ) (see below).k(g) is

the node description complexity, which stands for the
number of independent conditional probabilities em-
bedded in the structureg, andk(g) =

∑
j∈J k(j, g)

(see below).

H(j, g, xN ) =
∑

s∈S(j,g)

∑

q∈V j

−n[q, s, j, g] log

(5)
n[q, s, j, g]
n[s, j, g]

k(j, g) = (vj − 1)
∏

k∈φ(j)

vk (6)

n[s, j, g] =
N∑

i=1

I(πj
i = s) (7)

n[q, s, j, g] =
N∑

i=1

I(xj
i = q, πj

i = s) (8)

whereS(j, g) is an instance set of corresponding par-
ent nodesΠj = πj when a model isg, πj

i is a tuple
of realized values in thei-th example,n(s, j, g) and
n[q, s, j, g] are two instance numbers, each of which

denotes a case frequency occurring in the date sets, and
I(E) = 1 when a predicateE is true andI(E) = 0
otherwise.

Based on the above preparation, the problem of
learning a BN becomes a search problem for a structure
with MDL metric. In general, an exhaustive search
is recursively applied to the MDL-based search proce-
dure. This search examines all possible local changes
in each set of parent nodes, so the evaluation cost is
acute for massive data sets.

In order to reduce the computational complexi-
ty for empirical entropy, Suzuki further proposed a
Branch&Bound-MDL-based learning algorithm
(B&B-MDL) [14], which can avoid worthless recursive
calls for some search branches by estimating a 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 small computation, then the further
recursive calls in current step can be avoided. That
is, the branch including remanent search nodes can be
pruned.

The mechanism of pruning a branch is as follows:
although the structure complexity of a node increases
along with the number of its parent nodes increasing,
the value of empirical entropy is nonnegative and de-
scending monotonously, and the decrement of empir-
ical entropy is at most the current empirical entropy
H(j, g, xN ). Thus, for a new increasing parent nodeq,
if

H(j, g, xN ) � k(j, g)(vq − 1)
2

logN (9)

thenMDL2 � MDL1 always holds in this step,name-
ly, because the value ofk(j, g) is more increased, any
recursive calls is meaningless.

The B&B-MDL-based learning algorithm improved
the MDL-based learning algorithm only from the view-
point of search. However, most of the candidates can be
considered to be eliminated in advance based on statis-
tical understanding of the domain. Aiming at this prob-
lem, Qiang presented an improved algorithm called as
I-B&B-MDL [13]. The general idea is quite straight-
forward. By using a set of lower order independence
tests (χ2 test), the algorithm restricts the search space
and enhances the search efficiency. More precisely, the
algorithm uses much mutual information to construct
initial network, which restricts the possible parents of
each node. Thus, instead of havingj-1 potential par-
ents for a node, the algorithm only considersk (k 	j-
1) possible parents in each search. Since the search
space is significantly restricted, the search performs
faster than that of B&B-MDL.
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3. The EI-B&B-MDL-based learning algorithm

For the I-B&B-MDL, there are two major problems
when dealing with large numbers of nodes. First, the
tuple number of each conditional set is so large that it
is expensive that the cost of collecting various statistics
about data and computing the mutual information, even
if only performing lower order independence tests, e.g.,
the set number of performing order-0 CI tests isC 2

n,
thus this phase is of the complexityO(n2); the set
number of performing order-1 isC 2

n∗C1
n−2 and requires

O(n3) CI tests, and the set number of performingorder-
2 is C2

n ∗ C2
n−2 and requiresO(n4) CI tests, and so

on. Secondly without optimizing for search process
by heuristic knowledge, there are still many worthless
recursive calls. Moreover, because there is extra costs
of CI tests, the algorithm cannot ensure that there are
enough pruned branches to make I-B&B-MDL be more
efficient than B&B-MDL.

3.1. Improving strategies in EI-B&B-MDL algorithm

In order to overcome above drawbacks, we propose
an Enhanced I-B&B-MDL algorithm (EI-B&B-MDL)
that includes two major improving strategies. Firstly,
instead of initial CI test method, order-0 and partial
order-1 independence tests are used to obtain an origi-
nal network, which reduces the number of CI tests and
database passes while effectively limiting the search
space. In order to account distinctly for our algorithm,
we first give the definition of order-1 unilateral double-
connection.

Definition 1. (order-1 unilateral double-connection)
Given an arc between any two nodes in a BN, if there
is another directed path which is the same direction as
the arc, and the path only include an extra node , we
call this acyclic subgraph asorder-1 unilateral double-
connection.

In Fig. 3,Xi → Xj andXi → Xk → Xj are two
paths connectingXi andXj ; they are not only in the
same direction, but also only include an extra nodeXk,
so we say that the subgraph is an order-1 unilateral
double-connection.

If we only performorder-1 independencetests for the
cases of order-1 unilateral double-connection, we get a
set of condition testsZ ′

ij = {Xk|Xi andXj satisfy with
order-1 unilateral double-connection,X i ≺ Xk ≺ Xj ,
k ∈ J , and k = i, j}. Apparently,Z ′

ij ⊆ Zij =
{Xp|p ∈ J , and p = i, j}, that is, |Z ′

ij | 	 |Zij |
(Zij is the condition set of order-1 according to [13]),

Fig. 3. The sketch map of order-1 unilateral double-connection.

i.e. the phase of order-1 CI tests for the setZ ′
ij is of

the complexityO(C2
n ∗ C1

k) = O(kn2) (k 	 n −
2), thus the EI-B&B-MDL algorithm complexity for
lower order CI tests isO(n2), which is observably
smaller than that of I-B&B-MDL (larger thanO(n3)).
Obviously, this strategy for CI tests evidently improve
the testing time of initial algorithm.

Moreover, as mentioned in the Section 2.3, the basic
idea of MDL-based algorithms is to decide the parent
setΠ(Xj) for each nodeXj (j ∈ J) by a search pro-
cess. Because the number of possible parent sets is
2j−1 for a nodeXj , the number of the possible net-
work structures and the number of comparisons for
an exhaustive search with theMDL are respectively
2n(n−1)/2 and2n − n − 1 [15]. To avoid an exhaus-
tive search, the B&B-MDL-based algorithm reduces
the number of computations and comparisons by using
branch and bound technique. In order to further im-
prove theB&B search and save computations, we em-
ploy heuristic knowledge acquired by computing the
mutual information to sort ordering for candidate par-
ent nodes. Our research discovers that different search-
ing places of parent sets in a search tree result in the
different amounts of pruning branches, so we try out
several orderings of candidate parent nodes and find
that the ascending order is a good ordering according
to the mutual information between two nodes. This
ordering can increase the cut-offs of B&B search tree,
and then reduce the computational complexity of the
search phase. The effect of the improving strategy is
illustrated in Section 3.3.

3.2. Algorithm description

Based on above strategies, this section gives a de-
tailed algorithm description of EI-B&B-MDL. The ma-
jor steps of the learning algorithm are as follows.

Step 1. Given a node ordering, conduct order-0 CI
tests for each pair variables in light of Eq. (2) and
correspondingχ2 test, then build the initial graph
G0, in which each arc passed theχ2 test, and
record the mutual information of each arc inG0.
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Step 2. For every cases of order-1 unilateral double-
connection inG0, conduct order-1 CI tests in light
of Eq. (3) and correspondingχ2 test, and remove
the invalid arc that does not pass a CI test. As a
result, simplifyG0 toG1.

Step 3. For each nodeXj , ascertain its candidate
parentsΠ(Xj) according to the structure ofG1,
and produce an ordering of parent nodes by sorting
each arc’s mutual information in ascending order.
Then adopt the enhanced B&B-MDL technique to
find aΠ′(Xj) with the minimum MDL score by
top-down search and confirm the local optimized
structure ofXj . Let π1 = φ, p1 = vj−1

2 logN ,
the main procedure of the EB&B-MDL algorithm
is shown as Algorithm 1.

Algorithm 1: EB&B-MDL( π1, p1, MDL1, Π1)
/∗ π1 : the initial parent set for the current node

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

Begin:
1. Compute the empirical entropyH1 and

MDL1 ← H1 + p1; Π1 ← π1;
2. if π1 = Φ thenj ← 0 elsej ← the last element inπ1;
3. Forj + 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 ascending

order of candidate parents∗/
p2 ← p1 × vq ;
/∗ update complexity description of node∗/
if H1 > p1 × (vq − 1) then

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

call recursive search∗/
if MDL1 > MDL2 then

MDL1 ←MDL2; Π1 ← Π2;
}

End.

3.3. An Example of local structure learning process

In this section, we give an example of learning local
structure for a nodexk to illustrate the search effect of
the Algorithm 1.

Suppose that when learning local structure of
xk, there are four candidate parent nodes to be
searched after passing CI tests , namely,Π(xk) =
{xk1, xk2, xk3, xk4}, and the initial node order is
xk1 ≺ xk2 ≺ xk3 ≺ xk4. Then, there are sixteen
possible network structures in Fig. 4. The search goal
is to find an optimization structure with MDL from

these structures. Table 1 on the next page demonstrates
search processes of different search techniques.

If we perform the MDL-based exhaustive search, the
list π1 traces as the third column in Table 1, all possible
network structures are computed and searched. By
comparing MDL values, we can get the search result
that the parent node set is{xk1, xk2, xk3}, namely,
the resulting network structure is (l) in Fig. 4. This
structure has the smallest value of minimum description
length among all possible network structures.

Furthermore, if using B&B technique, we can predict
that there are two search branches in the search tree
which satisfy with the pruning condition in light of
Eq. (9), then there are two search branches to be pruned,
Fig. 5 on page 9 shows the instance of B&B-MDL
search tree from top to down. In this case, the search
list π1 traces as the forth column in Table 1, six scoring
evaluations are avoided. The search result is still that
the parent set is{xk1, xk2, xk3}.

In the end, if we rank the parent nodes in an ascend-
ing order of the mutual information, and get the order
xk2 ≺ xk3 ≺ xk1 ≺ xk4, here there are three search
branches in the search tree which satisfy with the prun-
ing condition, therefore the three search branches can
be pruned, the EB&B-MDL search tree from top to
down is shown in Fig. 5 on page 10. In this case, the
search listπ1 traces as the fifth column in Table 1, eight
scoring evaluations are avoided. Fortunately the search
result is still the same as that of two previous searches.

From this example, we can see that different search
techniques have different search efficiencies, and the
EB&B-MDL search is most efficient while getting
same search result. In other words, the Algorithm 1
can effectively accelerate the search process comparing
with the B&B-MDL search algorithm.

4. Empirical study

4.1. The performance of the EI-B&B-MDL algorithm

To evaluate the performance of the proposed algo-
rithm, the benchmark ALARM network is used. It is
a medial diagnostic system containing 37 nodes (vari-
ables) and 46 arcs. The ALARM database contains
10000 samples, and each variable has two to four possi-
ble values. The platform used for conducting following
experiments is a PC with PIV 2.0 GHz CPU, 256 M
memory, and running under Windows XP. The data sets
were stored in an access database. When the confi-
dence degree ofχ2 test is 99.5%, the EI-B&B-MDL
algorithm has the same results as [1], which arrives at
the best accuracy so far.
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Table 1
Search processes of different techniques for a set of four candidate parents nodes

Sequence Possible Search based on Search based on Search based on
number parent set MDL value B&B-MDL EB&B-MDL

1 φ
√ √ √

2 xk1
√ √ ×

3 xk1, xk2
√ √ ×

4 xk1, xk2, xk3
√

(result)
√

(result)
√

(result)
5 xk1, xk2, xk3, xk4

√ √ √
6 xk1, xk2, xk4

√ √ ×
7 xk1, xk3

√ √ ×
8 xk1, xk3, xk4

√ √ ×
9 xk1, xk4

√ √ ×
10 xk2

√ × √
11 xk2, xk3

√ × √
12 xk2, xk3, xk4

√ × √
13 xk2, xk4

√ × √
14 xk3

√ × ×
15 xk3, xk4

√ × ×
16 xk4

√ √ √

Fig. 4. Possible network structures for a nodexk with four candidate parent nodes.

4.1.1. Experiments on different strategies of
independence tests

For different sample sizes, both algorithms are ap-
plied, I-B&B-MDL and EI-B&B-MDL, in order to
compare their phase results. The results are shown
in Table 2 on the next page. The compression effect
of EI-B&B-MDL, whose number of arcs and maximal
number of parent nodes are larger than those of I-B&B-
MDL, is not as good as that of I-B&B-MDL. However,

as the time saved in CI testing is much longer than the
time increased in searching (especially when the sam-
ple size is large), hence our strategy for CI tests can
improve the time performance of initial I-B&B-MDL
algorithm.

4.1.2. Experiments on different methods of sort order
For a search tree with a given topological structure,

there are various selecting order for candidate parent
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Table 2
The phase results of both algorithms

Sample The number of arcs The number of arcs The maximal number Test time Search time
capacity after order-0 test after order-1 test of parent nodes (seconds) (seconds)

I-B&B EI-B&B I-B&B EI-B&B I-B&B EI-B&B I-B&B EI-B&B I-B&B EI-B&B
-MDL -MDL -MDL -MDL -MDL -MDL -MDL -MDL -MDL -MDL

5000 282 282 61 120 7 9 21.313 3.968 3.813 14.704
6000 284 284 61 119 7 9 23.906 4.625 4.485 17.406
7000 286 286 61 121 7 9 28.110 5.407 5.141 12.625
8000 287 287 64 127 7 10 33.516 6.187 8.500 15.953
9000 289 289 65 123 8 13 38.047 6.969 11.187 19.187
10000 293 293 66 127 7 13 41.593 7.797 9.532 21.312

Fig. 5. An example of B&B-MDL search tree for a set of four candidate parents nodes.

nodes. Different selecting orders can lead the place of
status point in the tree to change, make the predicted
evaluation value in every branch different, thus bring
about changing the pruning places and amount. As
a result, they induce the algorithm search efficiency
different.

In the worst case (when no branch is pruned), the
B&B search is equal to the exhaustive search. Further-
more, as there are extra costs of predicted estimate, the
time performance of B&B algorithm may go to the bad.
Thus it is a key problem for a search how to find a good
selecting order of parent nodes by means of heuristic
knowledge. Table 3 demonstrates that different sort or-
der methods produce results on time performance under
the same conditions of CI tests.

From experimental results, we find that the time per-
formance of the search algorithm can be significantly
improved when we rank the parent nodes in an ascend-
ing order of the mutual information and then search
with the MDL’s scoring. That is, with the ascending or-
der of candidate parent nodes, there are many branches
to be pruned, so the algorithm reduces many blindly
scorings and searchings, enhances the search efficien-

cy. This is the reason that the sort order strategy is
adopted in our EI-B&B-MDL algorithm.

4.1.3. The performance of the EI-B&B-MDL
algorithm

Under the same conditions, we perform the I-MDL
algorithm 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 7 shows the time performance of different al-
gorithms on the ALARM data sets. The results show
that the running time of our algorithm is lower than
that of other algorithms over the whole scope of sample
capacity. And moreover, the advantage is very obvious
when the data set is large, namely, the bigger the sample
size is, the more obvious the improvement is. This is
because our algorithm not only can enhance the search
efficiency using heuristic knowledge of the mutual in-
formation, but also can reduce the number of indepen-
dence tests and database passes by means of few lower
order’s CI tests. In a word, the fact that the running
time of our algorithm increases so slowly, suggests that
our algorithm will be able to handle very large data
sets, so the EI-B&B-MDL algorithm is promising.
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Table 3
The comparison of time performance of different sort order methods

Sample capacity Given node order Reverse node order Descending order by MI Ascending order by MI

5000 26.046 29.156 31.438 18.672
6000 21.329 40.282 35.860 22.031
7000 25.407 46.891 48.798 18.032
8000 28.453 69.719 65.969 22.140
9000 44.939 105.907 162.751 26.156

10000 51.063 123.546 198.375 29.109

Fig. 6. An example of EB&B-MDL search tree for a set of four candidate parents nodes.
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Fig. 7. The comparison of the time performance for different algorithms.

4.2. Application in the personalized recommendation
of a B2C portal

We have applied the EI-B&B-MDL algorithm to
learning the customer shopping model in the CSM-
based (based on Customer Shopping Models) recom-
mendation system [7], which is a kind of personal-
ized recommendation system used to find unsold com-

modities to online customers, and conducted our ex-
periments with real world data. Tests with real world
data allow us to evaluate whether or not the method is
potentially useful in practice.

By a recommendation engine of the probability in-
ference, we can get a commodity recommendation set
for each online customer. Then we make use of two
metrics of the precision and the coverage to evaluate the



J. Ji et al. / An improved Bayesian network structure learning algorithm and its application in an intelligent B2C portal 137

Recommendation Threshold

A
ve

ra
ge

 P
re

ci
si

on

Fig. 8. The average precision of different recommendation methods.

Recommendation Threshold

A
ve

ra
ge

 C
ov

er
ag

e

Fig. 9. The average coverage of different recommendation methods.

effectiveness of the recommendation system in a B2C
portal. Because the accuracy of our learning algorithm
is higher than the former algorithm, the effectiveness of
the CSM-based recommendation method is improved
in some sort.

The average precision and coverage of different rec-
ommendation methods are shown in Figs 8 and 9, re-
spectively. From these results, we can see that our
method is better than the AR method (based on associ-
ation rules) [12] and the CIP method (based on condi-
tion independence possibility) [9]. The reason is that
the CSM-based recommendation method virtually is a
hybrid of the AR and CIP methods. A local structure
of each node in a CSM can be seen as a kind of associ-
ation relations, and parameters of each node denote the
conditional probabilities between nodes of commodity
category. As the knowledge representation of a BN
is compact, our method can avoid the defects of the
AR method while the rules are not integrated, and al-
so overcome the shortcomings of the CIP to some ex-
tent, which uses strong constraints of the conditional
independence.

5. Conclusions

In this paper, we studied the architecture of an intel-
ligent B2C portal, and proposed a new improved algo-

rithm, EI-B&B-MDL, for learning Bayesian networks
efficiently and effectively. The algorithm first makes
full use of few order-0&1 CI tests to obtain an orig-
inal network graph, which reduces the number of in-
dependence tests and database passes while effectively
restricting the search space. By means of the heuris-
tic knowledge of the mutual information, the algorithm
fulfills sort order of candidate parent nodes, which in-
creases the cut-offs of B&B search tree and accelerates
the search process. In experiments on the benchmark
ALARM data sets, the improved algorithm is faster
than some hybrid algorithms while keeping with high
accuracy, and it is suggested that large data sets can be
handled. Hence the improved algorithm is a powerful
and efficient algorithm.

We have applied the EI-B&B-MDL algorithm to a
personalized recommendation system based on CSM
(Customer Shopping Model) and compared the effec-
tiveness of the recommendation method with that of
other methods. The experimental results show that the
CSM-based recommendation method outperforms oth-
er methods by its overall performance. This study al-
so shows that the EI-B&B-MDL is a promising data
mining approach to personalized recommendations in a
B2C portal. Our future work includes finding more rig-
orous bound expression and improving the algorithm
of recommendation engine.
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