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The aim of this article is to develop a method to find the importance of web pages without using web browser

data or invading the privacy of users. Rather, it works on the structure of a website. To achieve this goal, we

propose a novel method that can take webpage content as input and produce a score for each page

automatically. Initially, we extract content from a web page in real-time. Subsequently, we consider two

important factors based on the website structure: (1) “What is the minimum number of clicks needed to

access web pages in a website?” and (2) “How a web page is linked with other web pages in a website?” We

use a learning method to train our model by using the “web page views” results generated by “Google

Analytics” and “SimilarWeb”. Experiments and Case studies on the world’s most popular websites show that

our method can produce very effective results in real-time.
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Dataset

 

3
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Dataset 5

Dataset 6



Lo
nd

on
 Jo

ur
na

l o
f E

ng
in

ee
ri

ng
 R

es
ea

rc
h

35 © 2022 London Journals Press Volume 22 | Issue 6 | Compilation 1.0

An Automated Web Structure-based Method for Predicting the Importance of a Webpage

Dataset 7

Dataset 8
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a) The Pearson Correlation b) The Spearman Correlation

Figure 9: the Correlation Among Pairs of Variables in Our Proposed System’s Score and “Google

Analytics” Page View

a) The Pearson Correlation b) The Spearman Correlation

Figure 10: The Correlation Among Pairs of Variables in Our Proposed System’s Score and “Similarweb”

Page View
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We use both cases (The website of “Online Book

Review” and the Top websites from “Alexa”) for

finding external validity. In the case of “Online

Book Review” website, we consider the “page view

data from the “Google Analytics” for four weeks of

December 2021. Suppose for the first web page,

we first produce the importance value

automatically. According to our system, the

importance value will not change in four weeks as

the website design is not changed. So we select

four different values of page views collected from

“Google Analytics” and four unchanged values

automatically generated from our proposed

system. After that, we use this data to find the

Spearman and Pearson Correlation coefficient. In

this way, we go through the remaining 99 web

pages and generate the correlation values. Figure

9(a) represents the Pearson Correlation

coefficient, and Figure 9(b) represents the

Spearman Correlation coefficients for the “Online

Book Review” websites. Estimation of Pearson

correlation coefficients denoted strong

correspondence between variables. The values

varied between 0.78 and 0.92, with a mean of

0.85. On the other hand, estimation done

applying Spearman correlation evidenced a strong

correlation between variables. This statistical

parameter varied from 0.81 to 0.9. On average its

value was 0.85. So our system can find the

importance value of “Online Book Review”

website successfully. In the case of top websites

from “Alexa” we use Dataset 8 where we also find

100 websites. For each website, we generate the

importance value of the web pages automatically

and then use the results of “SimilarWeb” to

compare. In this way, we generate for 100

websites and represent the Pearson Correlation in

Figure 10(a) and Spearman in Figure 10(b). In the

case of Person Correlation, the correspondence

between variables is calculated between 0.62 and

0.75. Association between the variables, expressed

by average correlation was 0.67. Spearman

coefficients values are estimated as not less than

0.65. The average correspondence between

analyzed variables is 0.74. The maximal

correlation identified is 0.82. So we can conclude

that our system can generate similar results to

that of “Google Analytics” and “SimilarWeb.”

5.5   State-of-the-art

The research carried out by Thomas et al. [2019]

is similar to our research. An experimental study

was carried out to assess social commerce's

impact on website features in their research. Four

versions of a website were created and they use

for testing purposes. The feature of the fourth

version is richer than the other three versions

tested. Below are a few comparative studies

between our work and that of Thomas et al.

[2019].

● The website's high-level issue was worked on

by Thomas et. al. [2019]. This issue varies for

different users. Some of the issues considered

include:

1. Perceived satisfaction

2. Perceived usefulness

3. Trust

4. Operation checks items.

These issues are varied on the website to view

users’ responses to increasing or reduction.

The responses are recorded with a “Yes”, “No”

or “Unsure”. The numbers of clicks, page

views per user and time spent were also

recorded. However, our model focuses more

on the website's low-level features to observe

the responses of users to changes in features.

Therefore, our research encompasses almost

all website features.

● In Thomas et. Al. [2019] experiments, 4

website version was used namely “zero”,

“low”, “medium” and “high” versions. The

richness of each feature was in ascending

order from zero level to high version. In our

work, we chose the selected Alexa top 500

websites from the top 656 websites while the

“Online Book Review” website was also

considered since we have access to its server.

● They receive 212 participants’ feedback with a

significant number of them 164 were used and

some were discarded. Likewise, we also keep

track of web page users’ responses through

data generated from “SimilarWeb” and

“Alexa”. For instance, “SimilarWeb” was able

to track about 1 Million Amazon website users.

This gives us a robust amount of real-time

participants.
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VI. SUMMARY & CONCLUSION

Web applications have infiltrated almost every

aspect of our daily life. Research shows that 93%

of online shopping starts from websites search.

Therefore, to capture the online marketplace

places the advertisement provider needs to know

the right place to set up their ad so that most of

the website users can see their ad. There are lots

of web applications available capable of fulfilling

this purpose but most of them use web users’

private data. So, when users close their browser

cookies information the web applications won’t be

able to get accurate results. The main highlight

and fascinating aspect of our work are that it

works on the website structure to predict the

importance of the web page. It consists of two

very helpful features for both web developers and

advertisement providers.

● In the case of an Advertisement provider, our

proposed system can show the importance

score alongside the web pages’ rank so that

they can take a quick decision to include their

advertisement in real-time. No user private

data is needed.

● In the case of web developers that sometimes

publish their trial version and later use

feedback gotten from the users to update their

web application. Our system can give them

real-time suggestions with the importance

score so they can design a better website in the

development period.

For solving the problem, we extract the features

from web pages in real-time and use CatBoost

Machine learning to create the rank. We do not

only use the web pages’ contents (such as the

number of images, number of videos, number of

links, number of texts, etc.) but we also use the

web page accessibility and connectivity with other

web pages. To validate our work, we use two types

of datasets; one is collected from the server of the

“Online Book Review” website and another we

prepare from the most popular 500 websites from

Alexa. We represent our effectiveness in the

format of case studies, confusion matrix and

correlation coefficient. In all formats, our good

results prove the effectiveness of our proposed

system.
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