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Abstract

This paper presents an automated approach to detect and
partition data objects or product description from
complex Web pages. First, we derive the common page
structure by comparing similar pages, and then identify
data region covering the descriptions of data objects.
Second, we partition the nodes belonging to different data
objects in the data region and construct the self-
explainable XML output files. The experiments indicate
that our technique is effective.

1. Introduction

More and more companies manage their business and
publish their products and services on the Web.
Collecting and organizing these dynamic information can
produce the data for many value-added applications. In
order to collate and compare the prices and features for
products from the various Web sites, we need tools to
extract attribute descriptions of each product (called data
object) within a specific region (called data region) in
pages.

As shown in Fig. 1, the characteristics of complex
Web pages from commercial sites are:

a) There are many diverse sites with pages in different
formats and styles.

b) There are many irrelevant components intertwine with
the descriptions of data objects in Web pages. These
items include advertisement bar, product category,
search panel, navigator bar, and copyright statement.

¢) In many Web pages, there are normally more than one
data object entwined together in a data region.

Furthermore, the raw source of the Web page for

depicting the objects might be non-contiguous. So it is

difficult to discover the attributes for each object.

d) The order, number and format of attributes involved
in depicting the data objects may vary greatly in
different pages from different sites. The available
systems might fail when they encounter pages from
new sites.

In real applications, what the users want from
complex Web pages is the description of individual data
object derived from the partitioning of data region. This
paper discusses the automated extraction and
representation of the meaningful details of data objects
contained in the Web pages using XML format. To

achieve this, we need to detect the data region that
contains the desired objects, and mine the structure of
data region to extract multiple data objects.

Briefly, the contents of this paper are organized as
follows. Section 2 introduces related work and Section 3
presents the overall procedure. Sections 4 and 5
respectively present the algorithms for detecting data
region and partitioning data objects. The experiments and
conclusions are presented in Sections 6 and 7 respectively.
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Fig. 1: The layout of a typical product description page

2. Related work

Extracting and integrating information on the Web has
become more important recently because it helps users to
collate, compare and analyze business information from
multiple sites. Related works to our study include
Information Extraction (IE), data integration and Web
page cleaning.

One of the widely used IE techniques is the wrapper,
which is a specific program design to extract data from
Web pages [1]. It could be generated either by human or
learned from labeled data, both of which are labor
intensive and time consuming. It also lacks the ability to
extend to diverse sites with different representation styles.

Several recent works attempted to mine the data in the
Web pages automatically using unsupervised learning
approaches such as the clustering and grammar induction,
or heuristic rules [2][3][4][5]. Most of these techniques
require well-formatted tables, with at least two data
objects (records) appearing in a page. Thus their function
is largely similar to table detection and data extraction



from tables. But our study tries to handle the more
complicated cases.

Another related work, Web page cleaning is used to
identify the redundant, useless or irrelevant components
in a Web page. Most approaches used priori knowledge
or supervised learning to detect coherent content blocks
[6] and site style tree [7]. Here we emphasize the
development of an automated approach to detect the
important portion (data region) rather than to eliminate
these unimportant components in the complex pages.

3. Our Approaches

The key function involved in our technique is to
evaluate the similarity among the components in the
pages and through which, partition the descriptions of
data objects. Obviously, string matching and the “bags of
words” techniques cannot be used to identify irrelevant
contents and partition data objects. We rely on the
following observations to accomplish our goals.

a. Web pages from the same site such as products,
services and member listings, usually have similar
representation structure and irrelevant contents. This is
because they are produced by the same dynamic
programs or templates. Thus we could make use of the
stable representation structure of the pages to identify
useful contents.

b.If we ignore the title of the pages, we expect the data
region to appear in contiguous area, both visually on
the screen and in raw source of Web pages. Although
the description for each data object is visual contiguous,
the raw source of such objects might not be contiguous.

c. Comparing similar pages using HTML elements as the
unit of measure, we found that most of the content
differences appear in the data region, where various
attribute values are adapted to depict different data
objects. So by choosing the right features and measure,
we can detect the structure corresponds to data regions.

Suppose that the users used the spiders to download
all the pages from the special site, or collected all the
pages from the service providers. We denote this set of
Web pages as Pggr. The steps involved in extracting data
objects (or product descriptions) are as follows.

a. We first identify a page P; that is most similar to the
user’s query on products or services.

b. We extract the DOM structures [8] of all the pages and
use that as the logical structures to compare the
similarities of Web pages.

c. We use the tree-based kernel [9] to evaluate the
similarity between the Web pages, as the tree-based
kernel could reflect the similarities in both the structure
and content. We select page p; that the users are
interested in from Psgr and calculate the kernel K(p;, pj).
The pages which are created by the same dynamic

program or template should have similar structure and
share many common tags among the nodes. The set of
the pages similar to p; is:
Psu =1{P; € Per [ K(pi,pj) > 7} (1

d. We calculate the novelty value for each subtree in the
parse trees of similar pages. The novelty of a subtree is
defined as the weighted sum of all the nodes in the
corresponding tree and could reflect the degree of
repetition among Pg;y. The data region is the smallest
subtree that has the maximal novelty described in next
section.

e. We detect the structure representation within the data
region, and partition it into different data objects.

4. Detecting Data Region among the Pages

Definition 1: The content similarity of nodes n; and n, is
defined as the weighted ratio of their shared tokens and
attribute tags in HTML elements. Supposed that n;, n,
have tokens ty, t, and attributes a;, a, respectively, where
the number of tokens and attributes are denoted by |.|; and
the number of shared attributes is s(a;, a,). Then the
similarity of nodes n; and n; is defined as:

sim(n,,n,) = (log([t,) + Ds(t,,t,) +w, - s(a,,a,) (2
Here, w; is the weight of shared attributes and is set to 1
in our study. s(t,,t,) is the similarity of tokens defined as:

1 if t =ty is idential in string matching
s(t,,t,)=4.5
0 otherwise

if .t belong to the same type 3)

Definition 2: Supposed nodes n; and n, (not roots) are in
parse trees T, and T, respectively, the repeatability of n;
with respect to T, is

R(N,,T2) = Vnsrr%dae)s((Tﬁ)(Sim (n,, )+ 4)

w, - sim ( parent (n,), parent (n)))

where parent(.) denotes the parent node of n; and w,
reflects the influence from the context of nodes n; and n,,
which is set to 0.5 in our system.

Two subtrees will have high repeatability if they are
similar in both contents and context (or structure). In
order to stabilize the comparison, we consider a window
of N (i.e. N = 3~5) pages when evaluating it. As the
repeatability of n; does not depend on the particular tree

T,, hence it can be simplified and normalized as.
T =T,

R)= avg R(M,.T)

T; in Windows 5
R(n,,T)) )
Definition 3: The Novelty of node n, is
N(n)=1-R(@,) (6)

Definition 4: If ST is a subtree in parse tree T, the novelty
of ST is



N (ST ) = N (root (ST )) +w, - (N(ST,) (7
where ST, is a subtree rooted at child node of root(ST).
Ws (set to 1 here) gives the contribution of novelty from
all the subtrees. Thus N(ST) is the sum of the novelty
value of all the involved nodes.

The subtree ST covering the object region should have the
highest novelty value. As all other non-object-region
subtrees should have low novelty values except for the
subtree ST, we expect N(nm;)> "2*N(parent(n;)) for the
parent and higher level nodes of ST, and N(n.)<= %2*N(ST)
for all child nodes n, of ST. Hence,

Definition 5: Object region for parse tree T; is the
subtree ST having the largest novelty value, and that
N(n))> Y%*N(parent(n;)) for the parent and higher level
nodes of ST, and N(n.)<= %*N(ST) for all child nodes n..

Based on the above discussion, we design an algorithm
to detect data region as follows.

GetDataRegion (Current Parsing Tree Ty,
Parsing Tree_Set {T}, window_size N)

{
1. Randomly select N trees Ty, ..., Ty from {T};
2. For each (node n; in nodes(Ty))
3. { Calculate R(n;, Ty), k=1, ...N;
4’ B B 17 K+i ;
N =1- 7 2 ROLTO R(LT)
5. calculate Novelty for subtrees rooted at n;;
6. }
7. while (navigating from root(T,) to a leaf along the

corresponding subtrees having the largest Novelty)
8. { if (N(n))< N(parent(n;)) /2) {return parent(n;);}
9. }
H

5. Partitioning Objects in Data Regions

There are five typical representation structures for
objects as shown in Fig. 2. The fundamental organization
in the data region usually uses only one of them.

Satellite 1000 PIII 800M 20G 14.1
Satellite 3000 PIII 1.5G 40G 14.1
(a) Horizontal tabular structure
Satellite 1000 Satellite 3000
PIIT 800M PIII 1.5G
20G 40G
14.1 14.1

(b) Vertical tabular structure

Toshiba 1000
- CPU PIII 800M
- HD 20G
- Screen 14.1

Toshiba 3000 (optional)

- CPU PIII 1.5G
- HD 40G

(¢c) (Nested) List

Toshiba 1000 CPU PIII 800M; HD 20G;

Memory 256M; Screen 14.1

(d) Fragment structure

Fig. 2: Typical representation of extracted objects

Actually, not all nodes in the data region have low
repeatability. Some nodes appearing in the similar
location among the trees that have high repeatability can
be used to help reveal the framework for depicting the
objects. We employ the divide and conquer strategy with
heuristic knowledge to detect the number of data objects
in each data region as follows.
= We compare the coordinates of cells in each column

and each row, and use the coordinate values to

determine whether it is the horizontal or vertical
tabular structure. If the average similarity among the
nodes in each column is greater than that among the
nodes in each row, it means that it is the vertical
representation structure. For vertical structure, we
simply compare the first column with the other
columns, and verify whether the cells in the first
column are about the proper attribute names or general
attribute values. The steps for constructing data
objects in horizontal tabular structure are similar.

= For nested listing structure, in order to find out
whether it contains only one object or a set of
neighbouring objects, we investigate the repetition
within the data region. If we can find similar sub trees
that cover most of the data region, they will be used to
generate different data objects.

= For fragment and sentence structures, we assume that
such region contains only one object. We parse the
whole fragment as an entity.

If we use XML to output the result of one data object,
it could be.
<Object name="Satellite 1000”>
<CPU> PIII 800M</CPU>
<HD>40G</HD>
</Object>

This XML output is self-explainable and flexible. All
XML output files from these similar pages will have the
same structure. Many software agents could efficiently
process it.

The following is the pseudo codes for partitioning
objects in the data region. Here t; is the threshold for
selecting the candidates of attribute names; and t, is the
threshold for differentiating the objects in listing structure.

PartitionObject(Current_Data Region_Tree Ty,
threshold ty, t,)

{



Foreach (node n; in nodes(Ty))
if (R(ny)) >1t;) { Tagn; as attribute name; }
if (T is tabular structure)
. { Regulate the table;
Detect the tabular representation direction ;
Construct data object;
}
else if (Ty is listing) //one object in this case also
. { For each (node n; in the second layer nodes of Ty)
10.  { Calculate the inner repeatability R(n;, To);
11. if (R(n, Tp) >1p)

PNV AW~

Ne)

12. {Parse the subtree rooted at n; as XML output;}
13. else //only one object

14. {Parse Ty as XML output; break;}

15.} }

H

6. Experiment and Discussion

In this research, we expect to extract detailed object
level information rather than just -category level
information with unknown template structure. We thus
need to build our own set of test corpus, comprising more
abundant contents in product information. We collected
pages regarding notebooks and computers from different
retailers and review sites such as http://www.pcword.com,
and http://www.amazon.com. In total, we collected about
100 pages that contain detailed descriptions. Table 1
gives the statistics of the test corpus in terms of the
distribution of data representations and the number of
unique data objects. More details of our test set can be
found at http://www.comp.nus.edu.sg/~yesr/webming.

Because of the limitation of paper length, we focus
only on evaluating the two most critical steps in our
framework — the quality of the extracted data region; and
the accuracy of partitioning the objects within the data
region.

As the cost of missing the nodes about the objects in
data region is higher than that of covering irrelevant
nodes, hence recall is more important than precision.
Fortunately, missing of object nodes nearly never
happens in our testing, although there is about 1-6% of
nodes that are not relevant to the data objects. The length
and number of nodes in the data region are much smaller
than that of the original Web page (the average reduction
is more than 80%) when most irrelevant components are
excluded.

The performance of partitioning objects for each
unique data object is tabulated in Table 2, which shows
an average F1 of 94 %.

Table 1 Data objects distribution

Type | Representation # of pages | # of data object

1 Vertical Table 30 126

2 Horizontal Table | 30 87

3 Listing 30 40
4 Text Fragment 4 7
5 Sentence 5 5
6 Combined 0 0

Table 2: Performance of partitioning data objects

Type | Correc | Incor- | Miss- | Pre. | Recall | F1

t rect ing %) | (%) (%)
1 126 5 0 96.2 | 100 98.1
2 87 9 0 90.6 | 100 95.1
3 34 7 6 82.9 | 100 90.6
4 6 3 1 66.6 | 85.7 79.9
5 5 5 0 100 | 100 100
Avg. | 258 29 7 90.8 | 974 94.0

7. Conclusion

The main contributions of our research are follows.
First, we defined the similarity measure between the
nodes and construct the novelty measure to evaluate the
novelty of nodes or subtrees. These measures can be used
to effectively reflect the essential features in the irrelevant
components, data regions, and the description framework
of data objects. Second, we proposed an automated
approach to identify the data region. Third, we developed
the algorithm for partitioning the data objects in the data
region. The algorithm could recompose the non-
contiguous description about different objects and
produce the self-explainable XML output files for the
objects. The experiments on detecting and partitioning
products information from the Web show that our
techniques are effective.
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