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Abstract -We ‘considerthe problem of creating efficient
search schemes\ that are specialized for product
information;, this is a very important issue given the
explosive, growth of commercial websites and Internet-
based' seryices. We share the observation in PEWeb
[24], that products are almost always displayed in range
of similar-look info pieces showing features and prices
for customers to choose and so, the webpage DOM tree
would have similar subtrees in the parts corresponding
to the product show areas.

We propose to use a special hash function, namely
Simhash [18], for identifying the product regions. Our
basic idea is that sub-trees (in the webpage DOM tree)
with similar structures would have similar Simhash
fingerprints (separated just by a few bits). To eliminate
possible miscalls in the first phase using Simhash, we
also combine with a decision tree approach which gives
us more flexibility especially with product websites
developed by Vietnamese companies which prefer
certain display formats not very popular worldwide.
Compared to PEWeb, our scheme can be more refined
and flexible where we have more options to adjust the
scheme. This improvement in preciseness is strongly
supported by experimental results.

Keywords — Web data extraction, Product search, Simhash.

I. INTRODUCTION

Societies have been changing in many ways due to
the emergence of the Internet, including our ways of
shopping today which are heavily influenced by
commercial websites and Internet-based services.
However, due to the enormous number of commercial
websites as well as web products and their vast
information, customers have certain difficulties in
searching for good products with affordable prices.
Capturing this need, most popular Search Engines
have their own searching services specializing in

‘A preliminary version of this paper appeared in a
conference proceedings [38].
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online products such as Google Product or Yahoo
Shopping. These services aim at collecting, indexing
and maintaining product information from the
Internet, and hence, being able to respond users'
queries more efficiently and effectively.

A major challenge that these product search
services have to cope with is how to locate and extract
correctly product description and related info from
commercial websites. A commercial webpage
normally comprises several display regions, such as
menu, advertisement or product regions etc. A product
extraction tool firstly must locate correctly the
positions of product regions, before extracting from
these areas specific info items about the products,
such as title, price, image etc. This is not a trivial task
since each website has its own layout, which may also
be changed frequently, and moreover, the execution at
each website must be fast enough because of a huge
number of websites waiting to be processed.
Currently, most available solutions are using by-hand
or semi-automatic approaches which are costly and
not highly durable.

There have been several approaches to the problem
of product extraction, from using manual methods to
semi or fully automatic ones. In manual methods, after
observing a webpage and its source code, developers
(programmers) consider a few samples and write a
program to extract target data. Clearly, these methods
are not practical enough for processing a large number
of web pages. Wrapper induction is a popular semi-
automatic method, proposed in the middle of 90’s,
where a set of rules are obtained from WebPages
which are previously labeled by hand (STALKER
[19], WIEN[14] and etc.). These rules are used to
extract data on the similar web pages. Nevertheless,
these tools are still time-consuming and highly costly



in building wrapper as well'ds labeling samples:\Some
tools including W4F "22}, XWRAPR[17] and
RoadRunner [8] take advantages ofdinherentsstructural
features of HTML “documents, so ‘¢an be more
automated than “éwrapper induction tools. These,
however, stillsequires theydeveloper’s work to create
extractiomyrules and label samples. We leave a further
review and analysis ofithe field in Section 2.

Most of the above extraction methods and tools are
not fully automatie; they still have at least one phase
which requifes human intervention. This is definitely
impractical on“data sets with large size and frequent
change such as commercial websites. Phan et al. [24],
however;, have proposed a simple yet efficient
technique (PEWeb) for automatically locating product
information from websites which possibly have
different templates. They observed that the regions
that describe products in a webpage usually have
similar displays and hence, would result in similar
subtrees in the DOM (HTML tag) tree of the
webpage.  Thus, they propose to use entropy
estimation on the webpage DOM tree to identify these
subtrees which have similar structures. They also use
associate rules to filter out noise, i.e. regions that have
a similar structure but are not product descriptions.
PEWeb is fully automatic, however the quality of
result is not impressive in experiments and entropy
estimation is seemingly not a highly effective tool.

Products are always displayed in range of various
features and prices for customers to choose. We also
share the same main observation by PEWeb that web
product regions are almost always displayed in arrays
of adjacent pieces of areas of similar look and
structure, and that the DOM HTML tag tree would
have similar subtrees in the parts corresponding to the
product show areas. However, we notice that using
entropy can not always result in good results. High
entropy scored by a tree node would indicate a high
similarity between this node’s subtrees. This applies
to product regions but also applies to other array-
based HTML objects which can be various in modern
shopping websites such as menus, advertisements,
category lists, etc. Thus an entropy-based filter can be
in a dangerous situation of choosing a right threshold:
it is narrow to go from accepting many noisy non-
product objects to rejecting true product regions.
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We propose to use a special hash function, namely
Simhash [18], for picking out the product regions
from the non-product. Simhash, as its name suggests,
produces a similarity between hash values, i.e.
fingerprints, of similar objects, while still runs very
fast as other typical hash functions. Thus, we can
assess a DOM tree (HTML tag) node as if presenting
a product area by comparing fingerprints between any
two of its subtrees. Compared to PEWeb, our scheme
can be more refined and flexible where we have more
options to adjust the scheme. In the second phase for
filtering out the possible miscalls in the first phase, we
use a decision tree approach instead of using
association rules as in PEWeb. This also gives us
more flexibility especially with product websites
developed by Vietnamese companies which often use
certain display format that can be more appearing to
the Vietnamese customers.

The rest of the paper is structured as follows: after
some quick review of related works in Section 2, we
present the motivation and principles of our proposed
techniques in Section 3, which also includes a detailed
description and implementation of Simhash. Section 4
discusses a detailed implementation of the proposed
techniques. Section 5 shows our results from
experiments performed on real commercial websites
(many are popular in Vietnam) which prove the
effectiveness of our proposed techniques. Finally, we
discuss concluding remarks in section 6.

II. RELATED WORKS

Web content extraction is an important phase of
Web content mining that aims to extract useful and
meaningful data out of webpages which are vast
sources of noisy data such as ads and navigation links.
The extracted content is crucial for many tasks such as
information searching, natural language processing
(NLP), information retrieval (IR), web documents
classification, text translation, and etc. Because of its
essential role, the problem of extracting meaningful
data from the Web has been widely studied, resulting
in many different useful approaches and algorithms.
In this section, we present five different techniques for
extracting Web content, and analyze their limits.



A. Wrappers for content extraetion

Wrapper is a special program thatsextraets=content
from a particular inférmation source,and*converts it
into a structurel ~When generating a ‘wrapper, two
approaches are, maidly used:” wrapper induction [1]
and automated ‘data extraction. Wrapper induction
applies supervised learningvmethods to learn the data
extraction rules from{manually labeled training data.
Although many works“[2Js{3],[4] used this method to
extract data from Web, wrappers have many
shortcomings(First,” it is not straightforward to
construct wrappers as it requires expert users to write
extraction ‘tules, which is time-consuming and
restrict€édy, Moreover, when a page is changed,
wrappetss must be rebuilt, which makes the
maintenance of wrappers very expensive. Two
example tools of this type of extraction techniques are
wrapper induction [1] and VEDD [4].

B. Template detection for extracting content

A template is a skeleton of HTML pages that is
used as a basis to generate new webpages by plugging
content into it. This results in collection of webpages
having the same layout [5]. Many existing studies
have introduced methods to detect the templates of
webpages to extract useful content
[51.[6],[9],[10],[11],[12]. The disadvantage of these
results is that they heavily depend on the structures of
webpages, which are not the same across different
webpages. Worse still, the design of webpages is also
frequently changed, which makes these methods not
suitable when handling large number of webpages.

C. Content extraction using machine learning

Machine learning, an important branch of artificial
intelligence, focuses on making predictions on unseen
data, based on the properties learned from the trained
data. Of many machine learning principles,clustering
and classification are usually used in content
extraction [13,15,16],[20,21,23]. For example,
Debnath et al. [21] proposed a three-stage algorithm
to find the primary informative content of webpages
as follows: first, the algorithm classifies each of the
document blocks extracted from a webpage as a
redundant or identified block. Next, it extracts from
the identified blocks some features like text, text-tag,
list, etc. Finally, using a clustering algorithm, the
blocks with desired features are considered the
primary informative content. This method assumes
that the primary content belongs to only one block, so
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it is not efficient for webpages with many main
content areas. On the other hand, Pasternack and
Roth[23] designed an extraction algorithm that is able
to detect an article from webpages. In particular, after
consecutive HTML segments that contain the
webpage's article are identified, the algorithm
removes unrelated segments and remaining segments
form the article. As a supervised learning method, this
approach requires to be retrained whenever a new
feature of the web structure is added. Moreover, in
some cases this method may falsely remove segments
related to the article, making the output not
acceptable.

D. Content extraction using visual cues and/or other
assumptions

Severalexisting works for extracting content of
webpages are based on visual cues and/or other
certain assumptions [26],[27],[28],[29],[30]. In this
approach, assumptions on the webpage's structure,
content nodes, some kinds of tags, etc. are made to
easy the extraction process. For example, Hong et al.
[28] introduced Visual Wrapper for Extraction of
Records (VIWER) algorithm to extract data using
visual cues and DOM tree. VIWER first parses the
Webpage into DOM tree and then extracts data based
on visual cues and DOM tree properties. It uses four
filter processes to detect and label the correct data
regions. Meanwhile, Zhang and Wang [30] proposed a
method for extracting meaningful information from
Chinese webpages. The method consists of five steps,
in most of which a lot of assumptions are made to
help get meaningful content. These assumptions are
made from some webpages so that they cannot be
applied to others.

E. Content extraction based on HTML features
and/or statistics

This is the mostly used and studied extraction
technique as it gives better results than all above
mentioned methods. Several methods using this
extraction approach based on HTML features and/or
statistics are proposed [31-37]. For example,
Gottron[33] proposed a content extraction algorithm
called Content Code Blurring (CCB). CCB represents
the Webpage as a sequence (vector) of elements that
are either code or content called content code vector.
Then, regions which have the high ratio of content
over code elements are useful, because they mainly
contain content. However, this method does not
differentiate between useful and useless content, and
also is not applicable to multi-body webpages, i.e,



webpages containing multiple \informative regions.
Finally, Qureshi and Memen |36] designedta hybrid
model to extract useful content by deriving from
different methods: Fisst, it convefts HEML document
to DOM tree, andsthen calculates link densities for
each unique_node™in the tree, Consequently, nodes
with the same styles and link"densities are considered
as useful eentents. The shorteeming of this method is
that it is teo resourceyconsuming and so, expensive.
Furthermore, it may return some useless nodes if they
haveithe same style as useful nodes, even though they
have high link density.

II1. ““PROPOSED TECHNIQUES FOR
LOCATINGPRODUCT REGIONS
In'ythis section, we describe our techniques for
locating product regions from webpages. Firstly, we
analyze a common layout of a commercial webpage.
Then, we describeSimhash and its typical use, and
present our Simhash-based techniqueto find regions in
the webpages that
description. Finally, we will present ourdecision tree

contain potential product

approach for the second, refining phase.

For simplicity, we only consider dealing with
webpages which follow W3C HTML specification so
that they can be parsed into DOM trees. Note that
there exist non-standard webpages which do not
conform to W3C specification, e.g. ones that have
some structural errors due to bad coding (e.g. missing
closing tags, overlapping paired tags, etc.). However
in practice, a pre-processing phase can be used to
remove all those structural errors and hence, DOM
trees can still be built from these webpages.

A. Commercial webpages and their DOM trees

Figure 1 is a typical example of a commercial web-
page. From the figure, it can be easily seen that
description pieces for different products (laptops in
this example) are displayed consecutively in an area
(rectangle in dashed-line border). On the other hand,
those product descriptions (in solid-lineborder) have
the same layout: product images in the left, titles and
further info in the middle, and prices in the right.
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Figure 2. Product regions and their positions in
DOM tree

If we convert HTML source code into a DOM
(HTML tag) tree, the DOM tree has following
properties: (i) Product regions correspond to the
subtrees that are children of a node (because these
regions lay consecutively in an area); (ii) subtrees of
product regions have the same or similar structure.
Figure 2 demonstrates these two properties. Four
product regions correspond to four subtrees at the
node D, E, F, and G. Nodes D and E have the same
parent node B, F and G have the same parent node C.
Subtrees at D, E, F have the same structure, while
subtree G has a small difference from the others.

Thus, in order to identify product regions in
webpages, we need to find subtrees in the DOM tree
which satisfies two properties above. To do this, we
must have a way to measure the similarity of subtrees.
One of the existing solutions is using the tree edit-
distance algorithm. Many versions of the tree edit-
distance algorithm are proposed with improvements;
however, their computational complexity is at least
O(|Ty||T2|), where |T,| and |T,| are the sizes of two



trees. Therefore, the tree ‘edit-distance cannotybe a
practical solution, observing, that DOM*trees=usually
have large sizes and@lse, the number of commercial
websites is huge.

Below, we_‘present Simhash as a simple and
effective technique to imeasurethe structure similarity
between' DOM trees.

B=Simhash for detecting duplicate documents

Simhash was first introduced by Charikar [7]. It is
av dimensionality, reduction technique, which maps
high-dimensienal vectors to small-sized fingerprints.
Then, Manku et al [18] has applied it to the detection
of duplicate documents (webpages) crawled by Search
Engines. This detection mechanism is very important
for Search Engines, because its success will enhance
the search results' quality.

In duplicate document detection, Simhash is used
to generate a fingerprint for a web-page as follows.
Firstly, we convert a web-page into a set of features,
each of which has its weight. An f-dimensional vector
V is then initialized where each dimension is set to
zero. A feature is then hashed into anf-bit fingerprint.
These f bits have their crucial influence on vector V as
follows: if the i-th bit of the fingerprint is 1, the i-th
component of V is increased by the weight of that
feature; otherwise(bit 0), the i-th component of V is
decreased also by thatamount. Finally, having all
features processed and contributed to V,the f-bit
fingerprint of the web document is constructed as
follows: the i-th bit’s value (1 or 0) in this fingerprint
is determined by the sign(plus or minus) of the
corresponding i-th componentin V.

Clearly, this Simhashfunction has a special
property, never seen in previous hash functions:
similar documents do have similar fingerprint, i.e.
their fingerprints differ in few positions. Therefore, to
measure the similarity between two documents, we
just need to identify the number of bit positions which
does not have the same values in their fingerprints.

C. Simhash for similar subtree search on a DOM tree

The idea of using Simhashto identify similarity
between documents can be applied onto subtreesof a
webpage DOM tree. Each subtree in the DOM tree
will be Simhashedto a fingerprint. The number of
different bit positions between two fingerprints
measures the difference or the similarity between 2
subtrees. An important feature of DOM trees is that
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they are labeled tree where nodes have labels, i.e.
HTML tag names. Therefore, two similar DOM trees
would have similar structure and also their nodes in
the same positions would have the same labels.
Having obtained fingerprints of all children nodes of a
tree 7, we compute the tree 7T”s fingerprint in steps as
follows. We also maintain an f~bit dimensional vector
V with each component set to zero. Each child node's
fingerprint would increments or decrements the V's
components as follows: if the i-th bit of the fingerprint
is 1, then the i-th component of V' is added by the size
of the subtree at that child node (or the number of
nodes in the subtree), otherwise this addition is
replaced by subtraction. As in Section III-B, we
compute an f-bit value based on the signs of FV's
components: 1 for plush, O for minus. Finally, this f-
bit number is XORedwith the f-bit hash value of T's
label to form T's fingerprint. An example of a
Simhash calculation process for a DOM tree is
described in Fig. 3.

There are some notes from the above Simhash
function: (1) A node's fingerprint is computed from its
child nodes' fingerprints; therefore, the tree Simhash
computing process is bottom-up, (2) The effect of
each node child on vector V depends on its subtree's
size, because we assume that the larger the subtree is,
the more important it is and the more "contribution" it
makes to the final value of V, (and the fingerprint
later), (3) In the final step, the tree's fingerprint is
constructed from f-bit number made from vector V
and the hash value of tree's label, as we consider that
two similar DOM trees must first have the same root's
label. This is true in the case of trees representing
product regions when we observed online commercial
websites.

D. A decision tree for filtering process

With the Simhash function for trees, we can find
all the subtrees in the DOM tree each of which has a
structure similar to at least another subtree. However,
not all the resulted subtrees actually correspond to
product regions. Some of them correspond to
advertisements, menu, navigation links, etc. They are
considered as noise, and we have to remove them.

PEWeb gives a score (product possibility) to each
tree nodeby using a set of association rules, which is
achieved from a training process with a set of tree
nodes in different commercial websites. A score



threshold is used to decide' whether a_tree node is
outputted as corresponding'to asproduct descfiption.

A5 B:7  C:0
(a)
fbit

o ololel oo o]
A'ssimhash [1]1]0]1] [0]
vl e T

B's simhash [ 1[0 1]0] [1]
v B E

s simtast [T 0[] 1]
v B

created o v NN 1]

created from V

Hash value of
T's label

T's simhash ‘0|1‘1|0‘

(b)

£

Figure 3. An example of Simhash calculation in tree
at node T. (a) Tree at node T has 3 subtrees: A, B and
C, which have sizes of 5, 7 and 10, respectively. (b)
Simhash calculation process for T-rooted tree.

A disadvantage of PEWeb's filtering technique is
that its accuracy depends on the score threshold. This
threshold varies in different websites and hence, it is
practically hardto pick a common threshold for all
websites. In our system, we use an alternative
technique to filter out noisy results. We use a decision
tree for this filtering process. The decision tree is built
from a training set of /000 records with /1 attributes.
These records correspond to subtrees collected from
many different commercial websites. The training set
includes both positive (product regions) and negative
(noisy regions) samples.

The 11 attributes that are chosen based on some
classification heuristics, are listed in the Table /.
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To build the decision tree from the training set
above, we use WEKA [25], a popular suite of open
source machine learning software, and the result we
obtain is shown in Figure 4.

Table 1. Attributes of each records for the filtering

process

Attributes Description

nLinks Number of <a> tag

nlmages Number of <img> tag

nFonts Number of <font> tag

nBolds Number of <b> tag

nltalics Number of <i> tag

nBrs Number of <br> tag

nLists Number of <li> tag

nUnits Number of currency signs (such as
VND, USD, §, ...)

nPrices Number of words "Gia", "gia",
"Price", ...

nPromos Number of words "khuyén mai",
"khuyén mai"...

nDigits Number of digital characters

Figure 4. The decision tree determining whether a
region is a product region or not

As can be easily seen in Fig. 4, our decision tree
does not use all the attributes we have chosen.
Actually, it takes just 3 attributes: nUnits, nlmages
and nDigits to decide if a region is product region. It
can also be concluded from the decision tree that,
among these 3 attributes, nUnits is easily the most
important attribute. Indeed, in our training set, most of
the product regions have the nUnits attribute greater
than 0, which makes it substantial information for
classification. Clearly, in the real commercial websites
product descriptions usually contain prices (with
currency signs).



IV. IMPLEMENTATION
This section describes how,to apply our=proposed
techniques above tofbuild our product ‘information
extraction systéms, The = extracting process for a
webpage includes” fwo phases:, finding potential
regions in the webpage .and filtering noise (wrong
picks from the first phase).

A. Finding potential product regions

As we said earlier, finding regions which may be
product region$ is, actually finding all the similar
subtrees in/DOM tree using Simhash. The pseudo-
code of Simhash algorithm is described in Algorithm
1. The algorithm receives as input a T-rooted tree and
will calctlate the fingerprint of node T.

After the first traversal over the webpage DOM
tree to calculate the fingerprints of all the nodes,
another traversal is required to find similar subtrees.
This function findProductRegions is shown in
Algorithm 2 below. Two subtrees will be in the result
set if they satisfy the following conditions:

- They all belong to one parent node.
- Their depth is greater than h, a system parameter.

- Their fingerprints differ in at most n bit-position
(n is called the difference threshold, another system
parameter).

The essence of the first condition was explained in
the previous section: product regions are usually
displayed consecutively in an area, which corresponds
to subtrees having the same parent node. The second
condition is suggested from our observations: product
regions usually reside in subtrees with depth greater
than a given depth threshold, i.e. parameter h. Thus,
we use this threshold to remove “noisy” subtrees
which do not actually correspond to product regions.

Algorithm 1 - Simhash : Simhash Fingerprint Calculation

Input: node T in DOM HTML tree
Output: T's Simhash fingerprint

Initialize 32-dimensional vector V, with all components set
to0

for each child node t of T do
for i from 0 to 31 do
if t's i-th bit is 1 then V[i] = V[i] + t.num_node
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else V[i] = VI[i] - t.num_node
Create a number H from V as follows:
for i from 0 to 31 do
if V[i] >= 0 then H's i-th bit is set to 1
else H's i-th bit is set to 0.
T.fingerprint = H XOR hash(T.tag_name)

Algorithm 2 - findProductRegions : Similar subtrees (or
potential product regions) search.

Input: node T in the DOM HTML tree
Output: all similar-structured subtrees of T.

check = False
for each child node t4 of T do
if t1.depth > h then
for each child node t; of T do

if t1 # t2 and t2.depth > h and diff(t1.Simhash,
t2.Simhash) < n then

productRegionSet.add(t1)
productRegionSet.add(t2)
check = True
if check = False then
for each child node t; of T do
if t1.depth > h then
findProductRegions(t1, productRegionSet)

The input of function findProductRegions is a node
T and the output is a set of subtrees,
productRegionSet, of a tree rooted at T satisfying the
above conditions. This is a recursive function, whose
base case is when the T's size is too small (its depth is
smaller than h) or T's child nodes are product regions.

B. Filtering noise

From the decision tree in Section III-D, we have the
following checking function. The function receives a
region (a piece of HTML source code) as an
argument, and returns 7rue if it is a product region,
False if not. Our filtering function is simple,
compared to that of PEWeb system. Our function
needs just at most 3 comparisons to identify the
product region. Meanwhile, in PEWeb system, a
region has to be checked through 30 condition
expressions, with at least 3 comparisons in each
expression. This has a major impact to PEWeb's
performance when applying to large data sets.



Algorithm 3 - isProductRegion(R): Product region
checking.

Input: a region in the webpage:
Output: True if.it is aroduct region,False otherwise.

if R.nUnits = 0 then
if R.nDigits*>29 then
if R.nimages =/0then,return False
else‘return True
else return False
else
if R.nImages = O'then return False
else return True

V... EXPERIMENTAL RESULTS

In«'thi§) section, we show experimental results
produeed, with our system which implementsour
propesed techniques. We also compare our system to
PEWeb system which solves the same problem, based
on using entropy estimation.

Data: Our testing data isa selected collection of
webpages from popular Vietnamese commercial
websites. These are about various kinds of
products,such as computers, mobile phones or other
appliances. Each website often has few different
templates and so we just pick one or two webpages
pereach template, i.e. because working with webpages
using the same template will just give the same
performance.

Parameters: In our system, there are 2 important
parameters: difference threshold » and the minimum
depth 4. The setting of n plays a crucial role to the
Simhash's performance, because if # is too large, there
may be many noise results from the searching process,
if n is too small, we may miss correct results. After
testing various values of n in webpages, we set n
equal to 4 as a reasonable value. Parameter / is set to
3. In PEWeb system, there are 3 options: minimum
depth threshold (DTh), minimum entropy ration
threshold (ERTh), and minimum score threshold
(STh). The defaults of these parameters are 3, 0.90,
and 15 respectively. In our experiments, we keep this
default value for these options.

Experimental results. The experimental results
are shown in Table 2. The first column is the table
index while the second column is the URL of a
website. The third column shows the total quantity of
products in the pages sampled from the corresponding
website. The next two columns are on the outputs
generated by our Simhash-based system for these
particular pages: the first of the two is the number of
product items found by the system and the second is
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the number of correct picks. The last two columns
show the same two output quantities for PEWeb
system. In the bottom of table, we give the
corresponding sums of all the statistics above. Then,
the two measures recall and precision of two systems
are calculated for all the websites.

Discussion. It is easy to seefrom Table 2 that our

system outperforms PEWeb in terms of precision and
completeness. The recall of our system, 98.2%, is
higher than that of PEWeb system, 88.5%, which
demonstrates that our Simhash-based technique is
more effective than PEWeb’s entropy-based one for
finding similar subtrees. It seems that the PEWeb's
performance is much influenced by the score
threshold, the parameterto be set the same for all
websites, and that is a hard task of picking the right
value. Our precision score (99.8%) is also higher than
that of PEWeb (93.1%) because our second-phase
filtering process works better than the one in PEWeb.
It is also understandable, because our filtering method
(using a decision tree) just focuses on the most typical
features of product regions (number of current signs,
images, etc.), while the heuristic features used by
PEWeb maybe partially redundant.
However, note that in some websites, the results of
both systems are poor, because these websites use
special scripts to construct the ultimate HTML code,
such as http://vatgia.com/, http://laptopcaocap.com/,
http://www.dienmaycholon.vn/, etc. To get the whole
ultimate HTML code, we need a proper script-engine
to run this script (and analyze the obtained code). This
extra step is beyond the scope of ours aim at the
present, but would be considered and achieved in a
future extension of our system.

Although our system has just focused on
Vietnamese commercial websites, we can easily
expand it to any other website worldwide, simply by
extending the training set in the filtering process to
cover those.

VI. CONCLUSION AND FUTURE WORKS

This paper proposes an effective yet simple
technique for automatically locating regions of
product information from a commercial webpage. Our
technique uses a special hash function, namely
Simhash, for identifying the potential product regions
and a decision tree-based filter for eliminating wrong
choices made in the first phase. Using Simhash is
particularly suitable and efficient for finding subtrees



that have similar structureshin azywebpage DOM, tree:
Simhash fingerprints ar¢“%so “fast to ‘genérate and
compare. The use of*a decision tree for-temoving
incorrect output§Zin the filtering second phase will
enhance the quality of the whole process. Our
experiments Fesults provega.strong improvement over
PEWeb, the previous system, which tackles the same
problem of 16cating production regions.

In the future, we will further study the problem of
extracting productyinformation from webpages. The
next step after the task of automatically locating the
product regions will be locating and extracting values
of the'required fields from the obtained regions, such
as(preduct title, images, prices, and other relevant
information fields. We suggest to do that by using
some specific features of commercial websites related
to the semantics, vocabulary, and HTML tags etc.,
which would be typical there. Moreover, we also
intend to extend our overall system (in extracting
product info from the Web) so that it can
automatically identify commercial websites from
others. This will improve the automation level of our
system which is very important when dealing with
such a huge data source, the Internet.
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Simhash PEWeb
Number of Number of | Number of correct | Number of Number of
Websites products outputs outputs outputs correct outputs

1 |http://phucanhivn/ 35 26 25 10 4
2 |http://trananh.vn/ 115 115 115 96 96
3 |http://www.vatgia.com/ 47 47 47 47 47
4  |http:/mhatcuong.com/ 20 18 18 13 13
5 |http:/;www.thegioididong/com/ 20 7 7 20 20
6, |http://clickbuy.¢em.vn/ 91 91 91 100 89
7 “lhttp://viettelstore. viv/ 55 53 53 18 18
8  |http://www.mainguyen.vn/ 53 40 40 48 48
9  |http://cellphones.com.vn/ 45 37 37 16 16
10 4http://didongviet.vn/ 27 21 21 25 24
1T \|http://www.sieuthicomputer.com.vn/ 137 136 136 141 137
12, 4http://www.hanoicomputer.vn/ 11 51 49 72 39
13 |http://www.nguyenkim.com/ 33 32 32 23 23

14 |http://www.tabletworld.vn/ 24 20 20 10 9
15  |http://cellphones.com.vn/ 45 37 37 16 16
16 |http://didongviet.vn/ 21 21 21 21 21
17 |http://dienmaycholon.vn/ 40 39 39 32 32
18  |http://www.nguyenkim.com/ 30 30 30 30 30
19  |http://pico.vn/ 91 91 91 90 90
20 |http://mediamart.vn/ 86 85 85 85 85
21 |http://www.topcare.vn/ 32 30 25 32 32
22 |http://www.dienmay.com/ 18 18 18 18 18
23 |http://www.123mua.vn/ 51 50 50 43 43
Total 1127 1095 1087 1006 950

Precision 0.992694064 0.944333996
Recall 0.964507542 0.842945874

Table 2. The experimental results of both systems
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