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Abstract ;: The main content of a news web page is a source of data for Natural Language Processing (NLP) and Information Re-

trieval (IR), which contains large quantities of valuable information. This paper proposes a method that formulates the main con-

tent extraction problem as a DOM tree node classification problem. In terms of feature extraction, we use the DOM tree node to

represent HTML document and then develop multiple features by using the DOM tree node properties, such as text length, tag

path, tag properties and so on. In consideration that the essence of the problem is the classification model, we use Xgboost to help

select nodes. Experimental results show that the proposed approach is effective and efficient in extracting main content of new web

pages, and achieves about 98% accuracy over 1083 news pages from 10 different new sites, and the average processing time per

page is within 10ms.
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1 Introduction

A news web page contains large quantities of
valuable information, which is a data source for nat-
ural language processing (NLP) and information re-
trieval (IR). However, a news web page always
contains ads,navigation, hyperlink lists, and so on.
This extra information may not be relevant to the
main content of the web and has often been shown to
have negative effects on the performance of the cor-
responding applications. Thus, extracting the main
content of a news web page in the presence of extra
information is a key basis of further data analysis.

Numerous techniques have been adopted in the
past two decades to deal with the problem of main
content extraction. These methods are either less ac-
curate or less efficient. Fig.1 shows the difference
between the approach developed in the present paper
from the normal method. In this paper, we propose a
simple and efficient approach for using machine
learning. Our approach does not need to design
wrappers or matching rules for each website. We use
DOM ( Document Object Model) as a model to re-

present webpages. After that we can easily filter out
the leaf node, which contains text. Based on these
selected leaf nodes, we extract relevant features as
the inputs for machine learning. Finally, we employ
Xgboost (extreme gradient boosting) to automatical-
ly learn nonlinear feature combination. Compared
with the traditional machine learning methods, this
model has advantages and achieves better precision,
recall, and F1 scores. The complete pipeline of our

approach is shown in Fig.2.
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Fig. 1 Difference between the proposed approach
and the normal method.
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The rest of the paper is organized in the follow-
ing manner. Section II examines the related work in
the field. Then we describe the proposed technique
in Section III. After that, we present experimental
results, in Section IV. We conclude the paper in
Section V.

2 Related Work

Many different news web extraction techniques
have been proposed in the past two decades, such as
wrappers, template detection, visual cues, statistics,
and so on.

Kushmerick et al.'" and Liu et al.'*’ constructed
wrappers ( information extraction procedures ) for
semi-structured webpages. Bar-Yossef et al.'* and
Chakrabarti et al.'*' designed algorithms to detect the
templates of web pages to extract the content of web
pages. However, constructing wrappers or templates
is a complicated task because it requires expert users
to write a large number of extraction rules for the ex-
traction process. Besides, these approaches cannot
perform well on a different website that has different
templates, because that depends on the template of
the web page. Also, whenever a web page is
changed, its wrapper or template must be rebuilt.

Deng et al."*’ proposed a new web content struc-
ture based on visual representation, which simulates
how a user understands the web layout structure
based on his visual perception. After that, they pro-
posed Vision-based Page Segmentation ( VIPS) al-
gorithm , which aims to extract the semantic structure
of a web page based on its visual presentation® .
These methods may produce effective performance in
some web pages, but lack generality for complex
web page layouts.

Machine learning methods are currently the
most used and studied, and give better output than
the previous techniques. Kohlschiitter et al.'” em-
ployed machine learning (SVM) to classify the HT-
ML blocks, Spousta et al.'®’ used conditional ran-
dom fields to take advantage of correlations between

the labels of neighboring content blocks.
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Fig. 2 The pipeline of news web content extraction.

3 Proposed Technique

Now, we discuss the steps of the proposed
method.

3.1 Data Preparation

The algorithm for performing data preparation is
given in Algorithm 1. Input H is the raw HTML
text, C is the main content, which is obtained by
manual recognition, and output 7 is a list of nodes

with features and labels.

Algorithm 1. Data Preparation Algorithm.

INPUT:H, C
OUTPUT.T
H— getDOMTree( H)
H<— removeHeadTags( H)
H<— removeScriptTags(H)
H<— removeCommentTags( H)
H<— removeStyleTags( H)
H<— removelmageTags( H)
for all i < 1 to H.length do
t«— getTextFeatures( H,)
s;<— getStructuralFeatures( H,)
ifH,.text in C then
yie—1
else
yi—0
end if
Te—[t,s:,y:]
end for
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a) Pre-Processing: Almost all web pages are
written in HTML markup. Hence, we can parse HT-
ML to DOM tree using 1xml package, which is the
most feature-rich and easy-to-use library for process-
ing XML and HTML in the Python language'”’. The
source HTML and DOM tree are illustrated in Fig.3.

<html>
<head>
<title>DOM Tutorial</title>
</head>
<body>
<h1>DOM Lesson one</hl>
<p>Hello world!</p>
</body>

.Sourcc HTML DOM Tree
Fig. 3 source HTML and DOM tree.

Many websource files at present do not corre

<p><a href="1.html" target

<p>/KS B BB 4+ EX SR, </p>

spond to the official W3C standard. Hence, we need
to parse web source file into standard HTML format
first, and lxml library can help us achieve this easi-
ly. After that, the useless tags with their content are
removed, such as:

® inline Javascript: <script>

® style information; <style>

® head:. <head>

® image; <img>

® HTML comments.<! - ->

In order to align the source file with the main
content, a list of tags in the paragraph are removed
but its content is retained; e.g., <a>, <li>, <center

>, <span>, <strong> and so on, as in Fig. 4.

"_blank">/vK</a>% B EFTHBRXHHER SR, </p> o)

Fig. 4 Removing tags but retaining their content.

After completing the above steps, we can get
the DOM tree with initial cleaning. Then we select
the DOM leaves, which contain text, and Discard
the leaves that do not contain text. These DOM leav-
es (text nodes) are labelled in the main content or
boilerplate automatically using the program based on
the manually tagged main content.

b) Feature Extraction: Features are properties of
a node that may be indicative of their being content or
boilerplate. We implemented a Python program for
extracting feature vectors from Web pages that have
previously been parsed to DOM format. The features
can be grouped into text and structural features.

Text Features. Text features capture information
on the text of each node. Our framework implements
the following features

® the total length of text in the node;

® number of sentences in the node;

® the total length of space in the node;

® the number of punctuation marks in the
node.

The intuition behind most of the text features is

that boilerplate is likely to contain large quantities of

space, longer text, fewer sentences or sentences that
cannot be formed.

Structural Features. Structural features mainly
provide information about the tag in a target node.
Some examples of structural features are

® depth of the target node within the DOM
tree ;

® the type of the last tag on the DOM tree
path;

® the type of second-last tag on the DOM tree
path;

® number of node that is the child node of cur-
rent node’ s parent, with its tag type the same as the
current node;

® the relative position on all web pages.

The reason for choosing these structural features
is that dirty text usually has less depth of the DOM
tree, the tags of the main content node are similar to
each other, and has the same parent node. Besides,
the main content node has a high probability of being

in the middle of the web.

3.2 Training

The results of the previous two steps cannot be
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directly used as input for the model. We should
transform non-numerical labels into numerical la-
bels, and then standardize all features to be approxi-
mately Gaussian with zero mean and unityvariance.
At this point, the training data set is ready. In terms
of the training model, we present herein the findings
on an impressive ensemble of tree method called Ex-
treme Gradient Boosting ( Xgboost) "' for classifica-
tion. Xgboost is short for “Extreme Gradient Boos-
ting” , which is an efficient and scalable variant of
the Gradient Boosting Machine ( GBM)'"'. Re-
cently, Xgboost has been a winning tool in several
Machine learning competitions' "> due to its features
such as ease of use, ease of parallelization, and im-
pressive prediction accuracy. The training set is pas-
sed to the python script to build a Xgboost model,
and the optimal model parameters are determined u-

sing 5-fold cross-validation.

3.3 Content Extraction for Unseen News Web-
pages

Given an unseen news web page to be extrac-
ted, we first pre-process the page as in the first two-
step described in this section. Afterwards, a set of
vectors for the nodes are passed to the Xgboost mod-
el for prediction. The model returns the predicted
class (either clean or dirty) of the node. Finally, the
content of the clean node is extracted to be aggrega-

ted into the final main content.
4 Experiments

The experiments in this paper are designed to
demonstrate the performance of our proposed meth-
od. We carry out experiments on a MacBook Pro
(Retina, 13-inch, Early 2015) with a 2.7 GHz Intel
Core i5 processor and 8 GB 1867 MHz DDR3 mem-
ory. The program is written in Python, and executed

with a single thread.

4.1 Datasets
As there is no standard test set, we build a
dataset with 1,083 news pages crawled with 10 on-

line Chinese news sites. Table 1 shows some statis-

tics about our data sets.
Table 1 Overview of Data Sets.

Domains Pages Nodes Clean Dirty
economy.caijing.com.cn 102 11782 2060 9722
news.hexun.com 103 6074 2162 3912
WWW.€€e0.com.cn 102 7166 2437 4729
www.nbd.com.cn 146 4873 1651 3222

finance.people.com.cn 107 6230 1585 4645

new.qq.com 103 2274 2118 156
finance.sina.com.cn 108 8332 2497 5835
money.163.com 115 19425 2139 17286
www.xinhuanet.com 102 5515 750 4765
WWW.yicai.com 105 6423 1962 4461
Total 1083 78094 19361 58733

The raw datasets are made up of nodes from the
HTML files of the websites mentioned above. The
raw nodes are split from the HTML files, which are
notlabelled with "clean" and " Dirty." Thus, people
are asked to label every node manually depending on
their understanding of the main content and the ads
in the web pages. Then, the data in all the labelled
nodes are passed on to the feature extraction process
to get the statistic feature based on the process of Al-
gorithm 1. The result, the output of Algorithml, [
t;,8;,y; ], is the paradigm of processed data for ma-

chine learning.

4.2 Evaluation

To evaluate the efficiency of our method, the
well-known precision, recall and F1 score measures
are adapted to our use case.

Precision (P) is defined as the ratio between
nodes correctly identified by the model and the
whole nodes identified,

Correct Nodes
B Identified Nodes

Recall (R) is defined as the ratio between nodes

(1)

correctly identified by the model and nodes that cor-
respond to the main content,

_ Correct Nodes

~ Actual Nodes

F1 score (F1) is the weighted geometric mean

(2)

of precision and recall rate, and is calculated as,
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P xR
P+R

F1=2x

(3)

4.3 Results

To verify the performance of the proposed
method, three sets of experiments were designed. a)
Test the adaptability of the method against different
data sources; b) Verify the effectiveness of the
method using contrast tests with similar machine al-
gorithms; ¢) Count the execution time per page and
test the execution efficiency of this method.

a) Different Data Sources: In the beginning,
each web-site was extracted separately, and then,
we mixed all the websites. Training set and test set
are divided according to the ratio of 7:3. Table 2
shows the detailed results of our proposed approach
from each web site. We can see that the extraction
accuracy on each site is greater than 95%, which
demonstrates the performance stability of our ap-
proach. Although the number of testing pages increa-
ses with all mixed in this experiment, the approach
still achieves an F-measure of greater than 97%. This
demonstrates that our proposed approach can deal

with a large variety of news pages.
Table 2 Experimental Result in Different Websites.

Domains P R F1
economy.caijing.com.cn  97.72%  95.98%  96.84%
news.hexun.com 95.72%  97.41%  96.56%
WWW.eeo.com.cn 98.47% 96.74%  97.60%
www.nbd.com.cn 96.24%  98.34%  97.28%
finance.people.com.cn 97.49%  95.97%  96.72%
new.qq.com 96.93%  100.00%  98.44%
finance.sina.com.cn 96.96% 97.59%  98.44%
money.163.com 99.43%  98.77%  99.10%
www.xinhuanet.com 99.34% 97.30%  98.31%
WWwWw.yicai.com 98.13%  98.51%  98.32%
All websites mixed 97.11% 98.16%  97.63%

b) Different Machine Learning Algorithm ; Since
we regard this problem as a classification problem,
we choose the three most popular classification mod-
els; SVM, Logistic Regression, and Xgboost. Table
IIT shows the comparison results of Xgboost with the

[13]

Support vector machines ( SVM) and Logistic

Regression "', Support Vector Machine is useful in
traditional supervised learning, especially for classi-
fication problems. Logistic Regression is a basic
method in statistical learning. The data set is a mix
of all the websites, and training set and test set are
divided according to the ratio of 7:3. We can see
that Xgboost performs better than the other two. This
may be because Xgboost is an ensemble method,
which uses many trees to make a decision, so it
gains power by repeating itself, and it can take huge
advantage in a fight by creating thousands of trees.
In the other algorithms, it is difficult to choose a

good kernel or parameters for the model.
Table 3 Experimental Result with Different Algorithms.

Algorithm P R F1
SVM 96.32%  96.47%  96.39%
Logistic Regression 97.09%  94.56%  95.81%
Xgboost 97.11%  98.16%  97.63%

¢) Running Time. We evaluate the running time
of our approach on all web sites, which takes 95ms
per Web page on average, 82ms for DOM parsing
and feature extraction, and 13ms for the node classi-
fication. The average running time meets industrial
standards. Fig. 5 shows the running time of each

news webpage.

300

s)
g
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150

100

Running Time(m

0 200 400 600 800 1000

News Webpage Id

Fig. 5 Running time of each news webpage.

5 Conclusion

In this paper, we presented an approach for ex-
tracting the main content of news web pages using ma-

chine learning, which showed that a machine learning
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approach to the problem of main content extraction was
feasible and that high classification accuracy for
“clean” and “dirty” text blocks could be achieved.
The weakest points of our approach were the
automatic identification of “target nodes” in the HT-
ML tree. As future work, we plan to develop a pro-
gram to help users label the main content quickly and

to broaden our approach to large-scale applications.
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