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ABSTRACT

In the present era of big data, web page searching and ranking in an efficient
manner on the World Wide Web to satisfy the specific search needs of the modern
user is undoubtedly a major challenge for search engines. Generally, each user has
different information requirements. Thus, search results should be adapted to the
user's needs. Even though a large number of web search techniques have been
developed, some problems still exist while searching with generic search engines
as none of the search engines can index the entire web. The issue is not just the
volume but also the relevance concerning the user‟s requirements.
Moreover, if the search query is partially incomplete or is ambiguous, then most
of the modern search engines tend to return the result by interpreting all possible
meanings of the query. Concerning search quality, more than half of the retrieved
web pages have been reported to be irrelevant. Hence web search personalization
is required to retrieve search results while incorporating the user‟s interests. The
present research work first compares various existing approaches to
personalization. This research work then carries out the detailed comparison
between different available big data deployment platforms over the cloud and
chooses the second generation of the Hadoop, i.e. Hadoop 2 based cloud
framework due to its highly optimized features for deployment of the
recommended personalized search system.
The contribution of the current research work is the merging of machine learning
capabilities with big data analytics for the design and development of a novel,
personalized page search, and ranking algorithm, i.e., Advanced Cluster Vector
Page Ranking (ACVPR) algorithm. The ACVPR algorithm is further used to
implement an Intelligent Meta-Search System (IMSS) tool to assist the end user in
iv

listing the most relevant web pages in the ranking order of his or her preferences
effectively and efficiently. The suggested approach can significantly sort out the
incomplete indexing of the web as the recommended tool being metasearch tool
uses three popular background search engines, Google, Qwant and Bing in the
background to retrieve web links and then re-rank the results to best match the
personalized search requirements of the user. The Hadoop implementation of the
recommended algorithm is helpful in handling big data in the form of a massive
number of web links returned by the three giant search engines working in the
background of deployed meta-search tool and hence to sort the web links in real
time.
To check the personalized search effectiveness of the recommended approach, we
have implemented the Advanced Cluster Vector Page Ranking (ACVPR)
algorithm in the form of the Intelligent Meta Search System (IMSS) tool. This
tool is a machine learning enabled program that uses a Python interpreter on the
server side for the implementation of data analysis and recommended algorithm.
The results of the analysis are processed using PHP, HTML 5, and CSS 3. This
tool is deployed on the Google cloud engine with Hadoop 2 features enabled for
the computation of user similarity, rating based recommendations. The tool uses
MySQL engine for the user and search query management. The recommended
search system employs logistic regression and collaborative filtering based
machine learning techniques for personalized search recommendations. The
system requires a user to sign up and answer a few questions for the first time
within the Add Skills section for emotional and behavior analysis. The system will
then determine an existing best match user ID for a new user through similarity
score calculation. Detailed information about the best match along with similarity
information will be shown to the user under the heading of the machine learning
summary on the tool interface. If the search query of a new user includes
v

keywords of the search query of previous users with the best match ID or same
profession type, then the system will recommend the search queries of the prior
user to the current user. All web links in the result presented to the user will allow
the user to rate the rank and relevance of the output link. The rating provided by
the user will be used to alter the priority or rank of the output link when another
or the same user is searching a query including keywords of previously searched
queries by users with a similar profile and preference given to the queries of the
best match user as recommended by the system. The deployed system can work in
two modes: personalized search mode, and advanced search mode. The advanced
search mode, unlike the personal search mode, lets the user select search engines
among Google, Bing, and Qwant to be used as background search engines for the
deployed meta-search tool. Moreover, a user can also sort the output links in the
order of page loading speed within advanced search mode.
The extensive experimental evaluation leads to the determination of various
evaluation metrics depending on the machine learning model employed. The
present research work, one by one, uses two machine learning models, i.e., (i)
logistic regression and (ii) collaborative filtering. The logistic regression model is
used to predict feedback of a user for a listed web link and hence to determine the
correct rank of the web link in the output of deployed meta-search tool. The
collaborative filtering model is used to predict the best match user ID for query
disambiguation and personalized search query recommendations. The evaluation
metrics for deployed collaborative filtering model include Mean Absolute Error
(MAE) and Root Mean Squared Error (RMSE). The lower values of MAE and
RMSE when compared with baselines indicate the effectiveness and efficiency of
the deployed collaborative model. The evaluation matrices are also determined
such as DF matrix, user similarity matrix, actual response matrix, and prediction
matrix. These evaluation metrics and matrices are used to determine the best
vi

match user ID by the system. However, evaluation metrics like specificity,
sensitivity, precision, and recall are calculated for the regression-based learning
model. The improved machine learning capabilities are demonstrated by Receiver
Operating Characteristic (ROC) curves. These ROC curves are generated from the
regression-based model using a popular statistics tool, R. The improvement in
different evaluation metrics and user survey confirms the improved effectiveness
and efficiency of the recommended approach for web search personalization when
compared with the professional search engines, popular recommendation
approaches and baselines studies discussed in the literature.
Keywords: Web Search Personalization; Meta Search Tool; ACVPR Algorithm;
IMSS Tool; Machine Learning; Hadoop 2 and Map Reduce; Big Data Analytics;
Collaborative Filtering; Logistic Regression
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CHAPTER 1
INTRODUCTION

1.1. INTRODUCTION
Information seeking is one of the most natural needs of human behavior and how it is
retrieved is dependent upon many factors varying from personal choices to technical
requirements (Malhotra, 2014). Moreover, in the present generation of big data, the
information searching process is reformed a lot because of the massive growth in web
resources. The modern generation user prefers to search for specific information via
search engines because of the easy availability of Internet Service Providers (ISP). The
extreme competition among ISPs in a country like India leads to affordable Internet rental
and hence unexpected growth in the number of Internet users in a small duration of the
last two years is observed (Malhotra and Rishi, 2018b). However, most of the popular
search engines cannot consider user interaction with the web for page ranking.
Traditional web mining algorithms are not capable enough to utilize the relevance
implied by user surfing patterns to improve the ranking of web pages (Malhotra, 2014).
Therefore, searching and listing a relevant website on the top to satisfy the personalized
requirements of the user quickly is not easy as web users are mostly reliant on the generic
search engines like Bing, Yahoo, Google to choose a most relevant website among top
three to five links on the first page (Malhotra and Rishi, 2018b). However, as discussed
by Gomez-Nieto et al. (2014), when different users input the same search query, most of
the popular search engines fetch the same links in the result. The modern search engines
return the search result without considering the personalized preferences of the user.
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Moreover, as discussed by Malhotra and Verma (2013), if the search query is partially
incomplete or is ambiguous, then most of the modern search engine tends to return the
result by interpreting all possible meanings of the query. For example, if we consider a
partial search query "Jurassic World" by two different web users on the Google Search
engine in June 2018. The search engine shows top web links of the latest released movie
on "Jurassic World: Fallen Kingdom." It may be very much possible that one of the web
users is interested in web pages to read reviews or to buy movie tickets for the latest
movie. However, the same is not necessarily applicable for another user, who might be
interested in visiting a themed water park with “Jurassic World” name. This problem may
be resolved by an intelligent metasearch system designed and developed using logistic
regression or collaborative filtering based machine learning model and Hadoop 2 based
advanced big data analytics platform. The personalized search system will fetch the query
from a user and will first modify the search query based on user preferences as mentioned
in his or her profile. The personalized preferences of a user can also be retrieved from his
or her short-term browsing history. For instance, a user usually booking tickets for
themed parks will be shown web pages related to themed water parks consisting of
keywords used in his or her search query, i.e., Jurassic World on the top of the search
result and not the links of a movie as discussed above (Malhotra and Rishi, 2018b).
Recently, web search personalization has attracted researchers to deal with the problem
of ambiguous page ranking (Pare, S., & Vasgi, B., 2014). The personalized search allows
the user to have easy and accurate information access (www.ijmer.com [165]). With the
constant development of personalization focused researches, the intelligent search
technology with the feature of adaptability and learning to satisfy the personalized search
needs of the modern user is also transiting rapidly from the algorithmic stage to practical
application stage. At present, personalized page ranking supported by machine learning
and big data analytics has become the key technology and core idea of Internet
information retrieval (Malhotra, 2014).
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The essential and alternative aspect of personalized page ranking is to devise various
means to handle massive on stream accumulated data on the web efficiently. This
extensive data is popularly known as „Big Data‟ with more insistence on the Volume of
data besides other V's to characterize the data, i.e., Velocity, Variety, Value,

and

Veracity (Malhotra and Rishi, 2018b). Big data is defined as an extensive collection of
datasets and sources that are beyond the capabilities of traditional search and page
ranking systems to process effectively and efficiently. The detailed ranking comparison
of various big data analytics and cloud deployment platforms in the present research
work justify the choice of Hadoop 2 as the best analytics platform for the deployment of
the intelligent metasearch system. The Hadoop 2 advances the capabilities of Hadoop 1
by introducing two new modules, i.e., Yarn and HDFS federation. The Yarn module
enables segregation of resource management responsibilities from processing engines.
The HDFS federation allows the creation of multiple name nodes as compared to a single
node in Hadoop 1. These advancements help in building a more reliable and robust
system architecture for efficient big data analytics.
The machine learning model based on logistic regression or collaborative filtering may be
developed using the R- statistical tool or advanced machine learning using Python. The
machine learning model assists in predicting the suitable extension of an incomplete or
ambiguous search query and hence to determine the suitability of a web page listed in the
output of a search tool to satisfy the personalized search needs of a user. The model will
learn the most suitable page ranking order for a specific web user concerning various
parameters such as page loading speed, response time, security while browsing the page
and personalized relevancy. The scientific evaluation concerning the calculation of the
confusion matrix, specificity, sensitivity, etc. easily verifies the fitment of the model for
current research work (Malhotra and Rishi, 2018b).
The overall objective of present research work is to merge the machine learning with big
data analytics for implementation of the new personalized page search and ranking
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algorithm, i.e., Advanced Cluster Vector Page Ranking (ACVPR) algorithm. The
pioneered algorithm is deployed in the form of Intelligent Meta Search System (IMSS)
tool to assist the end user in listing most relevant web pages in the ranking order of his or
her preferences.

1.2. WEB INFORMATION RETRIEVAL
Web information retrieval stands for searching and finding unstructured web documents
to satisfy individual information needs from an extensive collection of web pages on the
World Wide Web (WWW). In web search, a retrieval system is required to search for
relevant documents among billions of web documents available on the WWW. The users
of traditional information retrieval systems were technically professional in phrasing
search queries. However, within modern age, it's not necessary that only professional user
will use the retrieval system, studies show that an average number of keywords in a
search query varies in between 2-5 words with seldom use of operators. Moreover, the
search engines are more often used by ordinary people including illiterates rather than
just IT engineers. The expected characteristics of a modern search tool include:


Personalized information retrieval rather than generic information retrieval to
meet the specific needs of an individual issuing the query, i.e., the focus of search
should be on personalized search precision rather than recall.



User-friendly interface to quickly search for relevant tab or feature.

1.2.1. Search Queries
There exist three broad categories of search queries. However, some of the queries may
overlap within two types while few queries may lie outside these categories. The general
categories are as follows:


Navigational Search Query: These queries represent that user is interested in
browsing a specific web page, for instance, a search query like “University of
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Kota” means that user wants to see the home page of the University of Kota as its
first output link rather than paid or advertised links of other universities.


Informational Search Query: These queries require web pages on the top with
detailed informational content about the keywords within the search query, For
instance, a search query like “Hepatitis B” needs web pages on the top having
explicit informational material about the disease.



Transactional Search Query: These queries represent that user wishes to perform
an online transaction such as E-Commerce queries, for instance, a search query
like “IRCTC online train ticket purchase” represent the fact that user wishes to
book a train ticket on the IRCTC website.

1.3. RESEARCH PROBLEM
The availability of web data on WWW is quite huge. Such a huge repository of data may
be termed as Big Data. In this scenario, it becomes quite challenging for a user to find
relevant information from the Internet. One of the approaches is to use a popular search
engine. However, none of the search engines can completely solve the problem of
complete relevant information retrieval as each search engine can index only a subset of
information available on WWW due to gigantic size and dynamic nature of the web.
There are various limitations of traditional search engines such as low precision, low
recall, irrelevant search results (Malhotra and Rishi, 2017). Moreover, a typical search
engine returns the same result corresponding to the same query, regardless of the user
who submitted the query. This generic ranking is not suitable for users with different
information needs. Let us take an example, a user searching for "Hotel Taj in Mumbai”
on Google in November 2015 found Hindustan Times Article explaining the Terrorist
attack happened in Hotel Taj. However user wanted to search for booking information in
Hotel Taj, and hence page retrieved was not relevant for the user.
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Some of the modern search engines provide personalized search to address the problem
as mentioned above. However, they fail to address changing user‟s requirement over
time. Even with popular search engines users are often required to alter their query, many
times to retrieve relevant documents (Malhotra et al., 2017). Moreover, the credibility of
information extracted through search engines is declining as evident through news
articles highlighting record fine to a popular search engine, Google for Search Bias by
European Union and Competition Commission of India. These news articles reflect the
requirement of new platforms based on improved and unbiased algorithms for reliable
web search as an end user usually believe that top few links in the output of a popular
search engine are most reliable links to satisfy the informational requirement or to buy a
service or product. The news articles highlighting search bias by Google is discussed in
detail within section 1.7 and is also shown through screenshots as available on Thomson
Reuter‟s and BBC website in Fig. 1.4 and Fig. 1.5.
We may use a metasearch engine to overcome limited indexing and hence low recall
problem of generic search engines. A metasearch engine is built on the top of the number
of search engines. Whenever a query is submitted to a metasearch engine, it will search
the query on all of its backend search engines followed by processing and merging of
results obtained from each of the search engines to display more satisfactory search result
to the user due to enhanced recall. However, a conventional metasearch engine has its
associated challenges; first of all, the number of web documents returned in response to a
user query by multiple backend search engines is quite voluminous. Secondly, if the
search query is incomplete or ambiguous, the results suffer from low precision and
become vaguer as conventional search engines try to retrieve documents corresponding to
all possible meanings of the query. Thirdly, the traditional data mining and page ranking
algorithms used by traditional search engines are quite a time consuming and resource
intensive to mine useful ranking patterns from such voluminous search data obtained
from multiple backend search engines. Hence, merging and precisely ranking such a
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massive amount of data requires a lot of efforts. The modern search systems require
novel page ranking algorithms well supported by next-generation big data analytics and
effective personalization capabilities. Web page searching and ranking systems using
conventional techniques have many issues like (Malhotra and Rishi, 2017):


Traditional web search and page ranking approaches do not seem to focus on
application and infrastructure scalability, consistency, component recovery, data
recoverability, and partial failure support, ability to respond in real time as
required by next-generation metasearch systems or general search engines to
search in continuously growing Big Data environment.



Most of the popular search systems include a syntactic search of resources which
means they implement a matching process concerning frequency count,
proximity, etc. between a user search query and candidate web page. This
syntactic matching lack semantics, as a result, the product queries which can be
interpreted in various contexts are likely to produce wrong results, and the user
usually ends up with thousands or even more links and sometimes not even a
single link in the output.

1.4. OBJECTIVES OF RESEARCH
The existing personalized search and page ranking systems are unable to mine useful
patterns especially from Big Data stored in modern search engine's vast and dynamic
databases. The overall objective of the proposed research work is to unite the
Personalized Metasearch process with the benefits of Next Generation Big Data
Analytics.
Keeping this in mind the specific objectives of the present research work are as follows:
1. To underline the flaws in existing mining techniques to extract useful page
ranking patterns from Big Databases of search engines.
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2. To make a comparative analysis of various traditional personalized search
systems along with the review of different cloud-based big data deployment
frameworks such as Hadoop Distributed File System (HDFS) etc. to choose the
best deployment framework for the proposed personalized search system
3. To develop a model for a novel Intelligent Meta Search System (IMSS) that does
not mandate user efforts in the form of explicit ratings or feedback for extracting
personalized search information.
4. To develop an intelligent page search and personalized ranking algorithm, i.e.,
Advanced Cluster Vector Page Ranking (ACVPR) algorithm.
5. To evaluate the effectiveness and efficiency of the proposed approach using
scientific and mathematical methods such as the Pearson correlation coefficient
and other relevant metrics.

1.4.1. Objectives Accomplishment
The objectives are addressed in detail within various chapters of the thesis, and the same is
also published in our research publications (Malhotra & Rishi, 2018a), (Malhotra & Rishi,
2018b), (Malhotra & Rishi, 2017), (Malhotra & Rishi, 2016). The objective one is
addressed within chapter 2, literature review, where category specific literature about
conventional mining based search systems is discussed and their shortcomings to extract
useful page ranking patterns from big databases is discussed in detail. Objective two is
discussed in chapter 1 and chapter2. The detailed ranking comparison between various big
data deployment platforms is introduced within section 1.6 followed by the detailed
discussion within chapter 3. The objective three about the Intelligent Metasearch System,
i.e., IMSS tool to assist the end user in personalized web search is addressed in chapter 5
and chapter 7. The IMSS tool does not mandate user efforts in the form of explicit ratings
or feedback for extracting personalized search information in the form of disambiguated or
expanded personalized search query suggestions especially while using Search
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Recommendation feature. The objective four regarding the development of an intelligent
page search algorithm, i.e., Advanced Cluster Vector Page Ranking (ACVPR) algorithm is
addressed within chapter 5. The objective five about detailed experimental analysis of the
proposed approach through scientific and mathematical method in the form of various
evaluation metrics like Pearson Correlation Coefficient, Mean Absolute Error
(MAE),Root Mean Squared Error (RMSE) for collaborative model and metrics like
Accuracy, Specificity, Sensitivity, Precision and Recall for Regression based model are
discussed in detail within chapter 7.

1.5. CONTRIBUTION FROM THE STUDY
To the best of our knowledge as procured from the literature, this study is the first formal
attempt to design, and development of an effective and efficient personalized metasearch
system using next-generation big data analytics. Various vital contributions of the current
research work may be summarized as follows:


The current research work lead to the design and development of machine
learning enabled personalized web search algorithm, that is, Advanced Cluster
Vector Page Ranking Algorithm (ACVPR) and its deployment in the form of a
future-ready tool i.e., Intelligent Meta Search System(IMSS) to assist the end users
in carrying out personalized web search and page ranking on the WWW



The implemented metasearch system addresses the limitations of traditional
mining approaches to extract useful web search and page ranking patterns from
databases of search engines. The deployed system possess features like
scalability, partial failure support, etc. through its deployment using Hadoop 2 on
Google cloud platform



The implemented system through its machine learning capabilities can easily
determine user search preferences and can assist the end user in easily framing
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nonambiguous search queries to satisfy his personalized search requirements on
the web

1.6. COMPARISON OF PLATFORMS FOR BIG DATA ANALYTICS
The massive on stream accumulated data on the web is popularly known as „Big Data‟
with more insistence on the Volume of data besides other V's to characterize the data, i.e.,
Velocity, Variety, Value, and Veracity. Big Data is defined as an extensive collection of
datasets and sources that are beyond the capabilities of traditional search and page
ranking systems to process effectively and efficiently (Malhotra and Rishi, 2018b).
To choose a suitable deployment framework for a personalized web search application,
firstly it is required to consider and compare various deployment platforms by multiple
factors such as capabilities for scaling, fault tolerance, real-time processing, iterative
execution, etc. (Malhotra and Rishi, 2018a). Here, present research work discusses
various existing deployment paradigms in section 1.6.1, section 1.6.2 and 1.6.3,
highlighting some of the inherent features and components of modern platforms like
Hadoop Distributed File System (HDFS) and Berkley Data Analysis Stack (BDAS)
useful for deployment of a novel, next-generation personalized search system followed
by their ranking comparison with other existing frameworks in section 1.6.4.

1.6.1. Types of Existing Deployment Paradigms
Various existing deployment paradigms are explained as follows (Malhotra et al., 2017):


In the first type, clusters use a blob store as primary storage such as S3 or Azure
blob store. Here clusters are transient and exist till the duration of workflow
execution. The important key is the blob store which is a source and destination of
the workflow. Here virtual machines are thought of as task execution containers



The second type uses the first generation Hadoop Distributed File System (HDFS)
as primary storage. Here virtual machines are persistent and can perform
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execution as well as store data. This category may even use blob stores for
periodic backups and to provide data to HDFS. This type of deployment paradigm
is useful for workloads like Ad Hoc batch and Ad Hoc interactive based
workloads due to the requirement of persistent clusters.

1.6.2. Hadoop 2: Recommended Big Data Deployment Framework
Hadoop Distributed File System (HDFS) is now adapted as a long-term store from which
applications read their initial data and write their final results. However one of the
significant drawbacks of HDFS lies in running iterative algorithms. Map function needs
to read data at the start of each & every iteration and to write back the data to the disk at
the end of the iteration. This repeated access to disk in reading and writing is responsible
for degradation of performance (Malhotra et al., 2017). The Hadoop 2 advances the
capabilities of Hadoop 1 by introducing two new modules, i.e., Yarn and HDFS
federation.

The

Yarn

module

enables

segregation

of

resource

management

responsibilities from processing engines. The HDFS federation allows the creation of
multiple name nodes as compared to a single node in Hadoop 1. These advancements
help in building a more reliable and robust system architecture for efficient big data
analytics on the web (Malhotra and Rishi, 2018b).
With the changes in environmental trends and technological shifts, second-generation big
data systems not just require scalability, partial failure support, etc. but also need to
support multiple analytic methods on varied data types, as well as the ability to respond
in near real time as shown in Fig. 1.1, depicting big data evolution (Malhotra et al.,
2017).
There are two significant trends of the second generation big data systems that are
responsible for choosing HDFS as a preferable deployment framework in the current
research work primarily to implement effective and efficient web search personalization
(Malhotra et al., 2017)
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Fig. 1.1 HDFS framework for the second generation big data systems


There is a rapid growth in the network bandwidth as compared to hard drive
bandwidth over the period. Hence, HDFS is chosen to deploy the metasearch tool,
i.e., IMSS to easily handle the dynamic load in the form of web links retrieved
from three giant background search engines



Support of In-Memory computation model by HDFS allows intermediate results
to be kept in the memory and hence reduces the overhead of iterative analytics for
real-time response to the end user. Consequently, the end user will not experience
any performance lag due to personalization of search queries or metasearch tool
implementation as discussed in the current research work

1.6.3. BDAS vs. Hadoop 2
BDAS, i.e., Berkley Data Analysis Stack is an alternative platform available for proposed
research work. BDAS is based on spark and HDFS based data processing stack to
overcome the limitations of generic Map-Reduce platform while running the iterative
processes. Some of the essential components of BDAS (Malhotra et al., 2017) are
discussed and shown in Fig. 1.2.
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Tachyon: It is the lowest level component of BDAS and is based on HDFS. Map-Reduce
programs are compatible with Tachyon and can run without alterations. The advantage of
Tachyon over HDFS is minimized disk access by caching the files that are frequently
read and enables data to be read at memory speed.

Spark Streaming

Shark SQLShark SQL

MLBASE

Spark
Mesos
Tachyon

Fig. 1.2 Components of BDAS
Mesos: It serves the role of cluster manager that provides efficient resource allocation
across distributed frameworks. It also supports HDFS and helps in improving horizontal
scalability.
Spark: It is the substitute for Map-Reduce component of HDFS and allows memory
caching to overcome the problem of iterative tasks processing.

Even though there are many advantages of the BDAS, however, we have given here
preference to Hadoop 2 as a deployment framework for ACVPR algorithm and IMSS
tool implementation. The very first reason is that the topmost layers of BDAS consist of
many applications that are still in the early stages of development. Secondly, Hadoop 2 is
one of the widely used distributed deployment frameworks for big data due to easy
availability of required infrastructure and compatible tools.
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1.6.4 Ranking Comparison of Existing and Prescribed Platforms
Here Table 1.1 shows the ranking comparison of various popular big data deployment
frameworks concerning multiple characteristics such as scaling, fault tolerance, etc. Here
Rank-1 shows the best option and Rank-5 for worst choice among all of the listed
platforms. It may be noted that this ranking table provides a general idea regarding the
strengths and weakness of various platforms and it mainly depends on the specific
application or purpose. In general, for big data applications, there is a tradeoff between
scaling and real-time processing capabilities. For example, as in current research work to
deploy web search applications, indexing process requires a highly scalable platform to
handle billions of web pages, so HDFS and Spark are the optimal choices for web search
applications and hence these are preferred.
Table 1.1 Comparison of various big data deployment frameworks
Platform

Scaling Rank
(Type)

Fault
Tolerance
Rank

Real-Time
Processing
Rank

Iterative
Tasks Rank

HDFS

1 (Horizontal)

1

4

4

SPARK

1 (Horizontal)

1

4

3

PEER TO PEER

1 (Horizontal)

5

5

4

HPC CLUSTERS

3 (Vertical)

2

3

2

MULTICORE

4 (Vertical)

2

3

2

GPU

4 (Vertical)

2

1

2

FPGA

5 (Vertical)

2

1

2
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However, HDFS based Hadoop 2 is preferred over Spark based BDAS as deployment
frameworks for current research work due to easy availability of infrastructure and
deployment tools as discussed in detail within section 1.6.3 (Malhotra and Rishi, 2018a).

1.6.5. Google Cloud Platform for Big Data Analytics
The big data analytics is vital for a metasearch tool like the IMSS tool to generate a most
relevant page ranking order to be shown to the user to best suit the personalized
requirements of a search tool user. The big data in the form of returned links by various
background search engines can be easily analyzed using Hadoop 2 and Map-Reduce
based analytics when deployed on a cloud platform such as Google cloud platform. The
Google Cloud Platform (GCP) is used for Hadoop based multi-node cluster setup
required to implement the intelligent metasearch system application, i.e., IMSS using
ACVPR algorithm. The Google cloud platform is an ideal platform for exploring various
cloud services. The compute engine module allows us to create and use Virtual Machines
(VM) which are virtual copies of OS servers like Linux server, Window server, etc. This
module lets the developer choose VMs with small to large configuration regarding CPU
cores, memory, and OS image to best suit the metasearch project requirements like that of
IMSS tool (Malhotra and Rishi, 2018b).

1.6.5.1. Cloud Cluster Configuration of Meta Search Tool
There are two possible ways to set up a cluster on Google cloud:


Single Node Configuration



Multi-Node Configuration

The step by step configuration for a metasearch application is discussed below. The node
configuration will first create a VM instance known as a master instance. The master
instance will serve the purpose of both the name node and data node. However, slave
instances will act as data nodes to process the links returned by background search
15

engines. The common steps for master and slave instance setup for IMSS tool are listed
as follows:


Java Installation



Hadoop Installation



Configuring Environment Variables



Configuring.XML Files



Creating Directories and Changing Ownership



Rebooting



RSA Key Generation and Authorization



Name Node Cleaning and Service Verification



Firewall Rules Settings



DFS Health Checkup

The above steps are required for a single node setup. However, the additional steps
required for a multi-node cluster are listed as follows:


Networking and SSH Syncing



Editing Masters and Slaves File



Property Modification in .XML Files

The name node and data node directories are first required to be deleted and then
recreated. This recreation is required to avoid any possibility for junk data within these
directories and hence to facilitate multi-node configuration and can be accomplished
through the execution of commands. The master instance is responsible for directing all
slave instances with web page links as returned by the number of background search
engines to the metasearch tool. The master instance is also responsible for HDFS bookkeeping tasks and monitoring the overall health of the cluster. The master instance is
required to remain active all the time as failure or pause of the master instance will make
16

the entire cluster inaccessible and hence the breakdown of the IMSS application. The
number of duplicate copies kept on different slave instances is determined by the
replication factor. The master instance will keep track of all slave instances via a
heartbeat connection. A daemon called Job Tracker (JT) on the master instance is
responsible for accepting expanded search query requests from the client and allocating
those tasks to Task Trackers (TT) residing on different slave instances. The JT can also
reallocate the job to a new TT on the replica of a slave instance in case of a failure of a
node to ensure that slave failure does not lead to the cluster breakdown or job failure. The
TT is active on slave instance, unlike JT which is active on a master instance. TT and JT
both are known as computing nodes. Besides, TT is also required to update its existing
status to JT via heartbeat connection. The responsibility of a TT here in the cluster is to
accept the search query request from a JT and to collect the page links returned by a
corresponding search engine and to sort those links according to personalized preferences
of the user. However, to reduce the communication time between master and slave
processes, IMSS application is deployed as a single node cluster setup. The IMSS
instance used as master cum slave instance to deploy single node cluster setup for
metasearch application in the current research work is shown in figure 1.3.

Fig. 1.3 Single-node cluster setup of IMSS tool on GCP
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1.7. MOTIVATION
The data or information is increasing on the massive scale on the WWW. This vast
amount of data on the web is known as big data. It is usually quite tedious for a web user
to quickly search for significant information from WWW. Most of the web users tend to
use a search directory or a search engine. However, there are several restrictions
possessed by conventional search engines such as incomplete indexing, insufficient recall
or precision, a non-personalized order of web links in the output of search engine results
(Malhotra and Rishi, 2018b). A typical search engine does not take into account the
context or interests to determine the personalized preferences of the web user. For
instance, a user searching for a query “apple” after searching for “Galaxy phone” is likely
to see web links of iPhone on the top of search results and not to that of a fruit. However,
most of the search engines tend to show the same order of web links to all the users
searching for the same query without considering such contextual or personalized
relevance. There are few search tools or engines which provide an option for a
personalized web search. However, they cannot keep track of changing user needs.
Moreover, most of the popular search engines are biased and tend to show the paid links
at the top of their search results irrespective of their relevance concerning the user's
query. For instance, Indian antitrust watchdog imposes a fine of 21.17 million USD on
Google for the search bias in February 2018 as highlighted by news on Thomson Reuter‟s
website and is also shown in Fig. 1.4. The Competition Commission of India (CCI) found
Google indulged in abusing its dominant position and using search bias to harm web user
and other competitors. Earlier European Union also imposed a fine of record billion USD
on Google for biased search output to devalue rival offerings as highlighted by BBC
news website and is shown in Fig. 1.5. (Malhotra and Rishi, 2018b).
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Fig. 1.4 News article regarding search bias by Google (www.reuters.com [132])

Fig. 1.5 News article regarding record fine on Google by EU (www.bbc.com/news [163])
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Moreover, conventional personalized systems discussed in the literature also possess
several shortcomings. For instance, as discussed in detail within section 2.1.1 of chapter
2, personalized search systems based on hyperlinks take more time to calculate relevance,
and they do not satisfy user's contextual information needs because bookmarks, browsing
history, etc. are not taken into consideration. The search systems based on content
personalization, discussed in section 2.1.2. increases load on the user as they require the
user to register his or her personal preferences, and also such systems can't adapt
automatically with a change in user needs and users are expected to change recorded
preferences whenever their interest changes. Recommender systems as discussed in
section 2.1.3. require user's ratings to give good recommendations. Systems based on
contextual knowledge as mentioned in section 2.1.4. also, need having user's explicit data
for correct page ranking. However, many web users are not taking interest to spare time
for giving exact ratings and precise information required to support such search systems.
Systems based on Intelligent Technologies as discussed in section 2.1.5. lacks the
personalization concept and fail to adapt to the changing needs of the user. Moreover,
they can't satisfy the requirements of the second generation of big data systems such as an
ability to respond in real time and support for multiple analytic engines (Malhotra and
Rishi, 2017).
The above-stated reasons indicate the need for a novel and machine learning enabled
personalized metasearch approach capable of handling big data analytics. The metasearch
tool can partially overcome the limited indexing problem by using multiple search
engines in the background. Moreover, the capability to employ next-generation big data
analytics can lead to secure processing of a massive number of web links as returned by
popular background search engines to easily satisfy the personalized preferences of the
web user (Malhotra et al., 2017).
Unlike the previous research studies discussed in the literature review chapter (Malhotra
and Rishi, 2018b), the present research work results into design and development of
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Advanced Cluster Vector Page Ranking (ACVPR) in the form of an Intelligent Meta
Search System (IMSS) and is novel in the following ways:
(i) ACVPR algorithm can easily predict the user preferences with accuracy by employing
logistic regression or collaborative filtering based machine learning model
(ii) IMSS tool possess characteristics of next-generation big data analytics tool and is
capable of performing elastic scaling, infrastructure offloading, real-time handling of
search load spikes and resource management with high reliability.
(iii) IMSS tool provides both personalized and advanced search mode to assist the end
user to use all features of a metasearch environment.

1.8. ORGANIZATION OF THE THESIS
This thesis is classified into eight significant chapters, which are organized as follows:
Chapter 1 presents the overview and motivation to pursue present research work about
personalized information retrieval from the web. The ranking comparison between
various popular platforms for big data analytics is also briefly discussed. This comparison
is followed by an introduction to set up a single node and multi-node cloud cluster setup.
This cluster set up discussion is further augmented by the detailed analysis of the research
problem, objectives of research, expected contribution, motivation, and organization of
thesis.
Chapter 2 discusses the category specific literature review broadly about four types of
conventional search systems based on hyperlinks, content personalization, contextual
knowledge, and recommender systems. This chapter is mainly focused on the first two
objectives of this research work. The discussion and tabular comparison of different web
personalization based search systems and IMSS tool are carried out by various
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capabilities or features like metasearch, intelligent technology, big data analytics and
various evaluation metrics used.
Chapter 3 discusses various available cloud computing platforms to design and deploy
the metasearch application. This chapter carries out a detailed ranking comparison
between different platforms like HDFS, Spark, etc. The tabular ranking comparison helps
in identifying HDFS as the best cloud platform to implement IMSS tool. The detailed
system architecture of the implemented IMSS tool is also discussed in this chapter. The
system architecture is followed by various screenshots of the Hadoop cluster information
for IMSS tool. The cluster information is supported by the detailed discussion of the
advantages of choosing the second generation HDFS and Google cloud-based
deployment for present research work.
Chapter 4 discusses features provided by the Google cloud platform. These features can
be used to set up a single node and multi-node cluster for big data analytics. The multinode cluster can be used to implement Hadoop 2 and Map-Reduce environment to
perform personalized page ranking through implementation and deployment of a
metasearch engine.
Chapter 5 discusses the research methodology and three phases of system design to
implement intelligent meta-search tool. The website re-ranking process using a new
ACVPR algorithm and its detailed flowchart is described in detail.
Moreover, map and reduce methods for keywords frequency calculation to determine
CRV is also elaborated. The interface of the IMSS tool and database design deployed to
assess the effectiveness of the ACVPR algorithm is also discussed.
Chapter 6 discusses the basics of machine learning deployed within the present research
work. The detailed discussion about various forms of analytics, recommender systems,
types of machine learning, the knowledge discovery process is included in this chapter.
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This chapter further discusses multiple features of Python language to support machine
learning framework implemented within the ACVPR algorithm and IMSS tool.
Chapter 7 discusses in detail regarding implementation and calculation of various
evaluation metrics for logistic regression and collaborative filtering based model for the
deployment of machine learning capabilities of IMSS tool. The experimental design, user
survey, and verification of query expansion and personalized web page rank
improvement are also demonstrated through screenshots of the live tool. The comparison
of the deployed approach with baselines establishes significant improvement regarding
capabilities required by modern web search personalization approach. Moreover,
comparison of pioneered IMSS tool with professional metasearch engines demonstrates
more powerful and user-friendly features of the IMSS tool.
Chapter 8 highlights various important conclusions and future work. The conclusion
section highlighted the significance of present research work for multiple users i.e.


Significance for the end user



Significance for online businesses



Significance for researchers and developers

1.9. CHAPTER SUMMARY
This chapter presents the overview and motivation to pursue current research work. The
ranking comparison between various popular platforms for big data analytics is also
briefly discussed. This comparison is followed by the introduction to set up a single node
and multi-node cloud cluster setup. This setup discussion is further augmented by a
detailed analysis of the research problem, expected contribution, motivation, and
organization of the thesis. This chapter also gives a brief introduction to addressing the
various objectives of the proposed research work.

23

CHAPTER 2
LITERATURE REVIEW

2.1. INTRODUCTION
Due to explosive growth in websites on WWW, researchers proposed many search
systems from time to time to facilitate the end user to search for the relevant site easily.
The literature review in this chapter will cover the journey of search systems from
hyperlink based search and page ranking systems to intelligent and advanced
technologies like big data, semantic web; machine learning based personalized search
and page ranking systems. This research work carries out a detailed category specific
literature review to quickly find the research gap between various studies from time to
time within literature. This chapter addresses the first two objectives of this research
work, i.e., (i) To underline the flaws in existing mining techniques to extract useful page
ranking patterns from big data flooded indexed repositories of search engines. (ii) To
make a comparative analysis of various traditional personalized search systems.
The conventional search systems based on personalized web search discussed in the
literature are as follows (Malhotra and Rishi, 2018a, b)
2.1.1. Review of Search Systems based on Hyperlinks
2.1.2. Review of Search Systems based on Content Personalization
2.1.3. Review of Search Systems based on Contextual Knowledge
2.1.4. Review of Search Systems based on Recommendation
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2.1.1. Review of Search Systems based on Hyperlinks
The hyperlink based personalized search systems can well assist the web user while
searching for information resource on the web. It is usually assumed that customers who
gave similar explicit or implicit feedback have same tastes while searching on the
Internet and hence various web pages are recommended to the user based on response to
the webpage by a previous user having a similar profile as the current user. Aoki et al.,
(2015) explained the system architecture of a personalized search system, i.e., the web
index system which uses web index files that contain a pair of keywords and
corresponding URL. The proposed method can perform attach operation to associate
keywords to the hyperlinks. The attach operation consists of the following sub-steps (i)
clicking bookmark link (ii) requesting server (iii) lexicographic matching (iv) hyperlink
generation (v) receiving a response and displaying page (Malhotra & Rishi, 2018b). In
lexicographic matching, if multiple hyperlinks are associated with a keyword then
proposed system will list all hyperlinks in a pop-up window. However, only one of the
listed URL is of interest to the user. This problem was addressed by an automatic
recommendation to the most relevant URL. The S (I, J) = Cos θi,j between a viewed web
page and candidate pages is calculated for recommendation to the user. The candidate
pages with a significant value of S (i, j) are referred to the user. However, the primary
limitation of the proposed WIX system is more time required for relevancy computation.
Alam and Sadaf (2014) suggested that the modern search engines retrieve a massive
number of irrelevant and unmanageable web pages in response to a query especially
when the query is incomplete or erroneous as most of the search engines tend to return
result corresponding to all possible meanings of a user's query. However, clustering may
be used to summarize a large number of documents in search engine output. The proper
labeling of each cluster is necessary to define the content of the cluster and to assist the
user in selecting a relevant cluster. They applied a heuristic search method to find all the
pages of the cluster. The title of a document is an appropriate source to determine the
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content of the document. The label of each cluster is defined by the keywords used in
the title of documents sharing hyperlinks. They took top 100 hits by searching Jaguar
query on Google. They applied the Apriori algorithm with support=2 for finding
frequent two itemsets and found labels for cars, sports, and animals. The primary
advantage of the proposed method is that a lot of computation time could be saved as
only those documents sharing hyperlinks are considered for the labeling process.
However, the proposed method could be improved by considering text within meta tags
for labeling process (Malhotra & Rishi, 2018b).
Brin and Page (2004) discussed the prototype of a large scale search engine, Google
mainly based on the structure used in hyperlinks. The goal of Google is to address the
problem of scalability and relevance of web link. They highlighted that the output of
keyword-based automated search engines is not up to the mark to satisfy the end user.
Also, they emphasized that advertised links also affect the page ranking of search
engines. They discussed that a search engine needs to possess a very high precision as
the user is likely to see the result of his or her query only within the top 10 links or first
page of the output. Further, they highlighted the need for fast crawling technology,
efficient usage of space to store search indices, the volume of indexed web and the effect
of irrelevant web links in the output. Google uses search techniques based on proximity,
anchor text and page rank information to improve the page ranking process. The Google
has two unique features (i) it uses page rank algorithm (ii) it uses link structure to
improve the rank. They created maps with more than five hundred million hyperlinks for
rapid calculation of page rank; page rank can also assist in keyword-based web search.
The web is a massive store of various type of web pages. There may be a huge
distinction between two web pages regarding style, language, page formatting, etc. They
highlighted the use of hyperlinks in handling these significant challenges effectively and
efficiently. The efficiency of Google may be credited to programming languages used in
its implementation like C++ or C. The architecture of Google consist of several vital
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components including URL server, web crawler, store server, indexer. First of all, the
URL server sends the list of URLs to the web crawler to retrieve the web pages. These
retrieved pages are then suitably compressed to be stored within the repository by the
store server. A new DocID is assigned to each page whenever a URL is fetched from it.
The indexer then performs three functions (i) Reading web page from the repository (ii)
Uncompressing pages (iii) Parsing all the links from a web page and store the details
within the anchor file. The URL resolver then read the anchors file to convert all the
relative URLs into absolute URL and is also responsible for assigning an ID to each of
the document. The page rank of each document is then calculated by generating a link
database by indexer.

2.1.2. Review of Search Systems based on Content Personalization
Content personalization means to present different content to different users on the same
web site to quickly meet their personalized preferences. Kuppusamy and Aghila (2014)
discussed the architecture of a personalized model to detect structural and content
changes within a web page. The proposed model, i.e., CaSePer uses a hashing technique
to identify segments used for reducing the search space and hence to quickly detect the
changes within web page content. The change detection process is accompanied within
two steps (i) Segmenting web page into smaller components (ii) Hash value calculation
on smaller components. However, the proposed model may be improved by using
advanced machine learning and big data analytics.
Sugiyama et al., (2004) discussed several techniques to adapt search results to the
changing needs of the web user. They carried out several experiments to verify the
effectiveness of various possible approaches such as (i) Collaborative filtering based
user profiling (ii) Implicit relevance feedback (iii) Browsing history based user profiling.
However, the highest accuracy was achieved by using collaborative profiling as it is
more adapted to the personalized needs of the user. The proposed approach can be
improved by using long-term browsing history of the user (Malhotra & Rishi, 2018b).
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Bai et al. (2016) studied various challenges associated with news personalization. The
proposed user profiles developed by the interaction between the user and the search
engine can be used for personalization. They used datasets from Yahoo to verify their
proposal. They claimed that personalized interest of users could be easily fetched if the
information related to user interaction with news sites is augmented with interaction
information of the user with the web. They further revealed that (i) blend of news and
search profiles can improve the personalization (ii) Rank method is better than score
method (iii) Search profiles can enhance the experience of both active and passive web
users (iv) Search precision can be improved by regular usage of the system (v) Search
profiles developed using browsing history of last three months is observed to
significantly improve the precision (vi) Recent search profile play a significant role in
enhancing the search precision. They proposed and implemented SP_ RANK and
SP_SCORE by baseline method. It combines (i) Cosine function and content-based
similarity between the user profile and content of news profile (ii) news article relevancy
comparison concerning the user having a similar profile. They claimed that news
personalization could be further improved by using web search history. However, the
study may be further improved by including the possible relationships between profiles
of two different users to quickly figure out a prospective web link that can satisfy the
requirements of a specific user.
Sudhakar et al. (2012) highlighted that even a state of art search engine returns a large
number of redundant and irrelevant results in response to a user's search query. They
proposed a weighted page search and ranking technique to satisfy the personalized needs
of the user. As search engines employ distinct search and page ranking techniques for a
particular search query. The different ordered output of each of the search engine leads
to a competition between various businesses to be ranked on top. This competition may
lead to a biased ranking of pages due to the inclusion of paid or advertised links and
leads to various complications related to the satisfaction of the personalized search needs
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of the user. They measured the effectiveness of their proposed approach concerning
F1Score, precision and recall by calculating True Positives, True Negatives, False
Negatives, and False positive observations. They claimed accuracy of the proposed
method is more than 90%. However, they focused only on text-based information
retrieval while ignoring other datasets.
Ferretti et al. (2016) proposed intelligent and automatic web content adoption system to
satisfy the personalized needs of a user. They addressed the personalization needs of a
specific user by adopting those elements of a web page that represents a barrier to the
reading. They proposed a system ExTraS with modules: (i) adaptation module let the
user set his or her preferences through a contextual menu-driven interface (ii) learning
module track the browsing habits of the user to learn his or her preferences (iii) profiling
module is used to store user preferences and manage his or her profile. The user profile
is created and stored locally in the user device. However, if the user is accessing his
profile on multiple devices, then the cloud-based system can be used to manage the
profile. They employed a reward and punishment based machine learning system. The
proposed system will first look for the characteristics being adapted by the user and
starts tracking his or her browsing habits. The system will frame a user's profile by
rewarding opted characteristic. The user can adapt to new habits, and the system assigns
reward or punishment. However, no change in characteristic will lead to no reward. The
system can also perform some adaptations for the convenience of the user, i.e., (i) font
size to adapt to easily meet user's reading requirements (ii) font face to meet
personalized preference of a user regarding font face like Times New Roman, Calibri
etc. (iii) text alignment can be adjusted to fit the user preferences (iv) language
translation (v) changing foreground or background color to adjust the font size or type
and background color to best suit the user‟s requirements.
Malthankar and Kolte (2016) discussed an approach to achieve client side privacy
protection during a personalized web search. They highlighted that search engines
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might return irrelevant results due to text ambiguity, varying contexts, and users.
Personalized Web Search (PWS) systems can address these problems adequately. PWS
can employ any of two approaches (i) profile centered approach to achieve
personalization with the enhanced usage of personal and behavioral information about
the user which is accumulated from browsing the history of the user (ii) Click-log
approach to give preference to web links clicked by the user in his or her browsing
history. They proposed a customizable and privacy protection system, UPS to generate
user profiles based on privacy requirements as mentioned by the user. They developed
GreedyIL and GreedyDP algorithms to reduce information loss and also to increase
discriminating power respectively. Zhou et al. (2017) highlighted that search engines are
required to retrieve results that are of personalized relevance to individuals and not just
relevant to the search query. They discussed a cross-language search based personalized
web adaptation for document association based page ranking method. To achieve
personalization, they used the KL divergence method between the improved search
query and web document. A model is developed to adapt to learn from browsing the
history of the user. The model assumes that the user usually searches web queries within
a specific language and occasionally within other languages.

They used inverse

document and term frequency, i.e., idf and tf for the generation of the model. They
verified single vector space model generated using one language could effectively search
in another language. They also discussed an algorithm for expansion of search queries
using a pair of Wikipedia document. The evaluation metrics used by them include (i)
NDCG to represent Normalized Discounted Cumulative Gain (ii) MRR to represent
Mean Reciprocal Rank (iii) P@1 to represent precision of top document (iv) P@5 to
represent precision of top 5 documents.. The models used for the comparative study are
LDA, QE, LM, Lexical, IM, ODP, and LMRM. The IM method was evaluated to be
better than ODP, LEXICAL, LDA and QE models. The experimental evaluation proves
that all the personalized models work well over non-personalized models. However, the
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personalization strategies investigated are required to be integrated to perform better in
other applications.

2.1.3. Review of Search Systems based on Contextual Knowledge
The contextual knowledge is vital for a search tool to personalized search on the web by
providing hints about user interest. Xiang et al., (2010) discussed the importance of
using contextual knowledge while ranking web pages. They further explained various
principles and learning to rank approach to support contextual ranking of web pages.
They proposed an empirical approach to solving two main issues:
(i) How to benefit web page ranking using contexts?
(ii) How to integrate web page ranking model with contextual knowledge?
However, the suggested approach will be satisfactory to deal mainly with meta page
ranking in today's era of big data is yet to be verified.
Tanapaisankit et al., (2012) proposed an approach for search query expansion by using
contextual knowledge. They used knowledge of user's profile to make the query more
personalized. The proposed method was experimentally verified to improve recall and
precision parameters of page ranking. However, the proposed approach can be further
enhanced by incorporating knowledge of semantics and concept tuples.
Limbu et al., (2006) suggested a method to modify search queries to correctly reflect
personalized tastes of the web user by utilizing implicit and explicit information such as
user's browsing history and lexical database knowledge respectively. They used a
thesaurus for query disambiguation and hence improved precision. Moreover, they
added meta keywords for improving recall parameter of web search and page ranking.
However, the process of query enhancement can be further enhanced by using a Boolean
approach (Malhotra & Rishi, 2018b).
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Agichetin et al. (2006) highlighted that web page ranking could be significantly
improved through the incorporation of user feedback. They proposed an implicit page
ranking model to determine the exact page rank. They suggested two approaches:
(i) Using implicit feedback for verification of ranking
(ii) Augmentation of page ranking using implicit feedback
The first approach is based on the assumption of no interaction between the user's
implicit feedback and web page ranking process. This approach re-ranks the results
according to previous user interaction with WWW and search engines. They computed
the implicit score for each result through previous user interactions and then use
summation to calculate the merged rank. However, in the second approach training and
testing of the search algorithm is implemented. This approach usually divides user query
data into training and testing data.
Ahmad et al. (2017) discussed a model based on learning to rank approach by
identifying featured subsets shared by users. They highlighted that personalized ranking
through modern search engines is a significant issue. The storage of user-specific
ranking model may be done. However, this may lead to the implementation problem
with traditional data mining techniques due to infinite profiles required to be stored.
However, they claimed that this problem could be addressed by considering the
browsing history of the user and by identifying a specific class of the user. They
proposed learning to rank approach to address personalized ranking based on the
determination of average rank for a particular cluster of users. The proposed system can
quickly determine the relevant page ranking for a specific cluster of users. The proposed
model may be configured in any of the three possible ways:


Listwise



Pointwise



Pairwise
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Fox (2005) et al. claimed that fetching explicit feedback is little tricky from the web
users and they focused on implicit feedback linked to time spent on the web page,
printing documents, purchase transaction, etc. may be used to generate predictively and
learning models to determine the precision of a web search system. They studied two
main aspects related to web search:


Association between explicit and implicit feedback of the web user



Various implicit measures related most to user satisfaction

They collected user implicit feedback using an add-in programmed for Internet Explorer
to monitor user browsing sessions and to retrieve implicit feedback in the form of mouse
and keyboard activities.
Moreover, explicit feedback was collected in two ways including individual output link
visit. Secondly, session-wise feedback was also gathered, and a state machine was also
used to prompt the user for explicit feedback collection. The individual result level
activities monitored by the proposed system are as follows:



The time duration between leaving and returning to the output links page



Percentage of page scrolled by the user



Way to exit the visited page- closing browser window, timeout, clicking an
embedded link, etc.



Printing or adding a page to favorites etc.

However, session-wise implicit feedback was collected by monitoring the following
activities:


Number of queries searched



Number of output web links returned in the result



Number of web links visited by the user
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Way to exit the session



Average number of results returned in a specific duration



Average of scroll time on each page



Average number of pages printed by the user



Average number of pages added to favorites by the user

They used Bayesian modeling to establish that some implicit measures together can
produce a reasonable prediction about web links that can satisfy the user.
Liu et al. (2004) highlighted that popular search engines are built to serve all the users
without paying attention to the personalized needs of a specific user. They proposed a
technique to retrieve user profiles from user browsing history. They mapped user profile
to the set of categories to learn personalized needs of the user and hence to appropriately
expand the incomplete or ambiguous search query for fetching the best search results.
They highlighted that user profile could be created automatically without his or her
intervention. They used two profiles, i.e., user profile and general profile and claimed to
achieve effective personalization. They evaluated an adaptive and four batch learning
algorithms to generate the user profile. They used a weighted and voting centered
algorithm for merging output web links. They created various categories based on user
and general profile and search queries made by the user. These generated categories, in
turn, are used to determine the context and hence to achieve personalization to satisfy
the web search needs of the end user. The experimental results were satisfactory.
However, improvements can be further made by choosing an extended query set and via
evaluation with more number of volunteers.

2.1.4. Review of Search Systems based on Recommendation
Recommender system uses information about web user profiles, browsing history, etc. to
predict the relevance of a specific web link to a web user. They make recommendations
to satisfy the personalized needs of the user. Hence, a recommender system may be used
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as a critical module for implementation of a personalized search system like the
proposed Intelligent Meta Search System in the current research work. Cacheda et al.,
(2011) carried out a detailed comparison between various collaborative filtering
techniques, mentioning their strengths and limitations. They suggested two new metrics,
i.e., GIM and GPIM to use prediction accuracy for determining the effectiveness of a
collaborative algorithm. These two metrics can simplify the evaluation by utilizing
datasets available offline. They can quickly detect any bias within prediction accuracy.
Wasid and Kant (2015) suggested an approach to collaborative filtering based on Fuzzy
and particle swarm optimization. The discussed approach can be used to quickly learn
the preferences of the user and hence to provide personalized recommendations to the
web user. However, the proposed system lacks the idea of concepts to improve the
accuracy of personalized recommendations further.
Adamopoulos (2014) discussed improvement of collaborative filtering method for
enhancement of prediction accuracy for both users and businesses. The idea of
unexpectedness is also addressed for meeting user expectations. However, the
effectiveness of the proposed recommender systems in studying the behavior of the
online user is yet to be verified (Malhotra & Rishi, 2018b). Business companies gather a
massive amount of data on customer's purchase from their daily transactions from
various supermarket stores. Later they apply multiple data mining techniques on these
extracted purchasing behaviors of customers, and extracted patterns could be used in
diversified businesses for better decision making.
Bouadjenek et al. (2016) discussed that finding relevant information is challenging
through search engines due to the following reasons:


Web user is usually unaware of the web page until finding the same



Web user is generally unaware of how to formulate a correct query
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The resulting web links produced in the output of search engines are the same
irrespective of the user issuing the query. Hence, results are usually irrelevant. To
improve the page ranking process, popular techniques discussed in the literature are as
follows:


Query expansion or disambiguation



Re-ranking output links to match personalized user preferences as retrieved from
the user profile



Refining the way to represent web documents and search queries to improve the
information retrieval system

They proposed to use social media information of the web user to enhance his or her
personalized search experience through the implementation of the PerSaDoR
framework. The proposed method can compare user query concerning the matching
profile of the two users and can recommend web links to match the needs of the web
user.
Verma et al., (2015) demonstrated usage of recommender systems based on semantic
web and neural networks for correct page ranking of E-Commerce websites. They
proposed five modules (i) Module for web dictionary implementation after
preprocessing of pages (ii) Module to determine priority of web page based on its textual
content (iii) Module to determine priority of web page based on time spent by previous
user (iv) Module for semantics-based recommendations (v) Module to determine the
priority of web page using back propagation neural network.
Ding et al. (2004) proposed a semantic web based metasearch tool, „Swoogle.' The
proposed retrieval system will calculate the proximity between various web documents
using metadata. They computed the ontology rank to determine the semantic
significance of the web document. They claimed that popular search engines could work
well only with natural languages and hence can't take benefit of SWDs due to failure to
understand their structure. The proposed system can explore various SWDs through
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multiple crawlers. The Swoogle examined ontologies were also used to build the
ontology dictionary.
Birukov et al. (2005) discussed that finding relevant information on the web is difficult
due to the continuous increase in websites. They proposed an agent-centered
recommendation system in assisting web search and the architecture for SICS, i.e.,
Systems of Implicit Culture Support consist of the following components:


Observer - To store information about actions executed by the web user



Inductive Module- To apply data mining techniques to discover hidden patterns
from stored information about user behavior



Composer – To make recommendations for final output links based on
information

gathered

from

an

observer

and

inductive

module.

The

recommendations made will satisfy the personalized search needs of the user
effectively and efficiently
There are few improvements sought by the proposed system; for instance, a composer
should consider balancing the number of acceptances and rejections to improve the
personalized search experience of the user further. The proposed method can take
acceptance and rejections only from Google, but the same can be developed by
considering more agents to frame the personalized recommendations accurately.

2.2. DETAILED COMPARISON OF VARIOUS VERSIONS OF
INTELLIGENT META SEARCH SYSTEMS
The current research work proposes a novel page ranking algorithm and its deployment
in the form of an Intelligent Meta Search System (IMSS) tool. IMSS tool has gone over
a lot many improvements in terms of personalized search precision and analytics
capabilities as offered to the end user. This section discusses a detailed review of the
various versions of the IMSS tool as proposed and published by us from time to time.
Malhotra et al., (2017a) discussed the implementation of a metasearch and page ranking
tool to prove the effectiveness and efficiency of the proposed CPR algorithm. The
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proposed interface of the tool is shown in Fig. 2.1. The tool can use any or all of the four
background search engines, i.e., Yahoo, Google, Ask and Bing. The tool will rank the
various links returned by these search engines by response time and security protocol
used by the candidate web page. However, the system does not incorporate features of
personalized page ranking to satisfy the specific needs of the user. Malhotra and Rishi
(2018a, b) discussed various limitations of traditional page ranking systems. We
highlighted that the general search and page ranking system is not evolved enough to
work out effectively within the E-Commerce environment. In this paper, a relevancy
vector-based page ranking algorithm is proposed that uses cloud technology and is based
on the second generation big data analytics. The proposed algorithm is used to
implement IMSS-AE tool especially adapted to rank E-Commerce websites to suit the
personalized needs of the customer. The experimental & graphical analysis compare the
page ranking precision between the IMSS tool and popular search engines like Google,
Yahoo, Dogpile by response time, page freshness and personalized relevancy. However,
the proposed work lacks accuracy in the prediction of user interest due to a missing
machine learning module.
Meta Search and Page Ranking Tool
Select Search Engine Tabs for Intermediate Document Retrieval

GOOGLE

YAHOO

ASK

BING

Enter Search String: HDFS and Map Reduce
Search

Reset
Ranking Box………

Rank

Web Links

Security

Response

1

https://en.wikipedia.org/wiki/Apache_Hadoop

HTTPS:

00:00:00:10ms

2

www.cloudera.com/content/cloudera/hdfsmapreduce.html
www.gttibm.org/software/datacom/infospher/
mapreduce

N/A

00:00:00:25ms

SSL

00:00:00:33ms

3

38

Fig. 2.1 Interface of page ranking tool by Malhotra et al. (2017a)

INTELLIGENT META SEARCH SYSTEM- ADVANCED E-COMMERCE
User ID: DM@UOK

SIGN UP/ New Customer

Password: ***********
Advanced Criteria Search

Personalized Search
YAHOO

GOOGLE

DOGPILE

Page Loading Speed

Transaction Security

Response Time

Enter Search String: online belt purchase
SEARCH

RESET

FAST FORWARD >>

Personalized Expanded Search String by IMSS-AE: online belt purchase for women

SEARCH

RESET

FAST FORWARD >>

RANKING BOX…
RANK

1

WEB LINK

www.amazon.in/clothing/wo

RESPONSE

FEEDBACK (CORRECT

TIME

RANK?)

00:00:00:15ms

men
2

www.myntra.com/women-

No
00:00:00:36ms

belts
3

Yes

Yes
No

m.jabong.com/women/access 00:00:00:49ms
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Fig. 2.2 Interface of IMSS-AE tool by Malhotra & Rishi (2018a)
The personalization approach and ACVPR algorithm in the present research work is the
enhancement of the RV page ranking algorithm due to the incorporation of the machine
learning model. The interface of IMSS-AE tool is shown in Fig. 2.2.
Malhotra et al. (2016) highlighted electronic commerce market in India has recorded
significant growth of more than 400 % in last four years and is expected to grow more
rapidly, i.e., almost five-fold by December 2016. As a result, companies are not taking a
chance to satisfy the personalized purchase requirements of customers and hence to fetch
good revenues and branding of their business. Moreover, the web doesn„t possess any
catalog like feature, so, most of the E-Commerce users are dependent on search engines
like Google, ASK, Yahoo, etc. to search for relevant E-Commerce website for online
purchase of a specific product. Moreover, none of the search engines could index more
than 16% of the web concerning the literature. The issue is not just the volume but is also
the relevancy concerning customer requirements, if the query is incomplete or ambiguous
then search engines return a large number of links in the search output as they tend to
return links by interpreting all possible meanings of a query. The proposed intelligent
search tool, IMSS-E, for ranking of E-Commerce websites to assist an online customer in
finding a suitable site on top while searching for a specific product. The tool can also
support online retailer to structure his website well to satisfy the personalized purchase
requirement of the customer better. The proposed research work utilizes Apriori mining map reduces based big data analytics framework, supported by semantic web and backpropagation neural network to well adapt to personalized requirements of the customer by
learning from previous errors in ranking E-Commerce websites. We experimentally
verified the improved efficiency of the deployed tool by comparing the ranking precision
of the IMSS tool with a popular metasearch engine, Dogpile. The earlier proposed IMSSE tool is shown in Fig. 2.3.
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Malhotra et al. (2017) highlighted that in this present era of big data, different search
engine users have different information requirements at different intervals of time. Thus,
search results should be adapted to the user's needs. In this published paper, we proposed
a novel approach to adaptive web search augmented with the capabilities of carrying out
Big Data Analytics using the second generation HDFS. Moreover, unlike conventional
personalization techniques, the proposed method does not require additional efforts from
the user such as reporting feedback or ratings, etc. The proposed system can be
implemented in the form of Intelligent Meta Search System (IMSS Tool) to overcome the
problem of irrelevant web page retrieval faced by the user of generic search engines
(https://link.springer.com [166]). The adaptive search, when supported by HDFS-cloud
framework, leads to a smooth & efficient analysis of big data available on WWW to
retrieve useful personalized page ranking patterns. Search engines are known to extract
far more extensive information, but still, no search engine can index more than about
16% of the indexable web. The interface of the proposed IMSS tool is shown in Fig. 2.4.
The issue is not just only the volume but is also the relevancy concerning user's
information needs. When different users search the same query, even a state of art search
engine returns the same result, irrespective of the user submitting the query. For example,
if a user is tech-savvy and usually searches for laptop or mobiles, then an incomplete
query search like Blackberry should return documents related to Blackberry mobiles by
intermediately expanding the query rather than returning the documents of some fruit.
There are various types of conventional personalized search systems as discussed in the
literature. However, these search systems fail to satisfy the personalized user
requirements without having explicit ratings or feedback from the user. Moreover, such
systems can't handle the second generation big data as they do not just require scalability,
partial failure support, etc. but also need to support multiple analytic methods on varied
data types, as well as the ability to respond in near real time.

2.3. LIMITATIONS OF EXISTING SYSTEMS
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As discussed in section 2.1.1, personalized search systems based on hyperlinks take more
time to calculate relevance, and they do not satisfy user's contextual information needs
because bookmarks, browsing history, etc. are not taken into consideration. The search
systems based on content personalization, discussed in section 2.1.2 increases load on the
user as they require the user to register his or her personal preferences, and also such
systems can't adapt automatically with a change in user needs and users are expected to
change recorded preferences whenever their interest changes. Recommender systems as
discussed in section 2.1.3 require user's ratings to give good recommendations. Systems
based on contextual knowledge as mentioned in section 2.1.4, require having user's
explicit data for correct page ranking. However, many web users are not taking interest to
spare time for giving explicit ratings and precise information required to support such
search systems. The earlier proposed versions of

Intelligent Meta Search Systems

proposed and published by us as discussed in section 2.2 step by step overcome various
limitations of the conventional search systems and achieve multiple objectives of the
current research work. (Malhotra and Rishi, 2017b).
INTELLIGENT META SEARCH SYSTEM E-COMMERCE
User ID: Cus@EC

Sign Up

Password: *****

Select Meta Search Engine Tabs for Document Retrieval

Mamma

Dogpile

Kartoo

Adaptive Search
Response Time

MetaCrawler

Criteria based Search

Page Loading
Speed

Transaction
Security

Page Freshness

Enter Search String: Online purchase of SamsungS7 Mobile
Search

Reset

Rank

Web Links

Security

Response

1

https://www.samsu...ngabc.com

https:/

00:00:00:39 ms

2

www.xmobile.com

SSL

00:00:00:67 ms
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Fig. 2.3 Interface of IMSS-E tool by Malhotra et al. (2016)
INTELLIGENT META SEARCH SYSTEM
Create New User Profile

User ID: Dheeraj@UOK

Password: *****

Select Search Engine Tabs for Intermediate Document Retrieval
GOOGLE

YAHOO

BING

Take me fast (Personalized Search)
Response Time

ASK

Advanced Search (Select Criteria)

Loading

Security

Page freshness

Enter Search String: HDFS and MapReduce
Search

Reset

Rank

Web Links

Security

Response

1

https://en.wikipedia.org/wiki/Apache_Hadoo

https:/

00:00:00:10ms

2

www.gttibm.org/software/datacom/infosphere
/hadoop/mapreduce

SSL

00:00:00:33ms

Fig. 2.4 Interface of IMSS tool by Malhotra & Rishi (2017)

2.4. COMPARATIVE STUDY ON SEARCH SYSTEMS
Table 2.1 summarizes the comparison between various intelligent systems proposed in
the literature and different versions of IMSS tool time to time proposed and published by
us on the basis of following parameters and each one is represented by a corresponding
Roman numeral in table 2.1:
(i) Personalization Type
(ii) Meta Search Enabled
(iii) Intelligent Technology Used
(iv) Support for Big Data Analytics and Name of Platform Used
(v) Evaluation Metrics
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Table 2.1 Comparison between existing and proposed personalized search systems
S.

Publication

(i)

(ii)

(iii)

(iv)

(v)

1

Arya et al.
(2018)

Job Search
Personalization

No

Social Network
based
Recommender
System

No

Similarity
Score

2

Malhotra et al.
(2017b)

E-Commerce
websites
ranking

Yes

No

YesBDAS

Personalized
Precision

3

Malhotra et al.
(2017a)

Personalized
Web Page
Ranking

Yes

No

YesHDFS,
MR

Precision and
Relevancy
Vectors

4

Malhotra &
Rishi (2017)

Web Search
Personalization

Yes

Semantic Web

YesHDFS,
MR

Page Rank
Precision

5

Malhotra &
Rishi (2016)

E-Commerce
Personalization

Yes

Semantic Web
and

No

Advanced &
Personalized
Search
Precision

No.

Neural Network
6

Bouadjenek et
al. (2016)

Social
Information
based
Personalization

No

Vector Space
Models

No

Mean
Average
Precision and
Mean
Reciprocal
Rank

7

Verma et al.
(2015)

E-Commerce
Personalization

Yes

Semantic Web

Yes -

Relevancy
VectorsSRV,CRV

8

Shafiq et al.
(2015)

Web Search
Personalization

No

Social Network
Recommender
System

No

Click Through
Rate, MAP,
Click Entropy

9

Bibi et al.
(2014)

Web Search
Personalization

No

Concept-based
filtering and

No

Snippet
Frequency in

HDFS
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Semantic Web

Title, URL,
and Summary

10

Malhotra
(2014)

Web Search
Personalization

No

Backpropagation
Neural Network

No

P(Y)Precision at Y
Metric

11

Malhotra &
Verma (2013)

Web Page
Priority
Determination

No

No

No

Keyword
Match
FrequencyFound,
Nfound and
Time Spent
Statistic

12

Moawad et al.
(2012)

Web Search
Personalization

Yes

Multi-Agent
System and
Semantic Web

No

Search
Precision

13

CollinsThompson et
al. (2011)

Web Search
Personalization
based on
Reading
Proficiency

No

Semantic Web

No

Mean
Reciprocal
Rank (MRR),
Page Reading
Level, etc.

14

Kim et al.
(2010)

Personalized
Web Search

No

Concept
Network based
Recommender
System

No

MAP-Mean
Average
Precision, KPrecision

From the above-shown comparison of various essential parameters of web
personalization search systems discussed in the literature and earlier proposed versions of
IMSS tool helps in choosing various parameters to study, and are suitably incorporated in
the final deployed version of the Intelligent Meta Search System (IMSS) and Advanced
Cluster Vector Page Ranking (ACVPR) algorithm. The personalization approach
discussed in the current research work has the following attributes:
(i) Personalization Type: Web Search Personalization
(ii) Meta Search Enabled: Yes, Google, Qwant, and Bing as Backend Search Engines
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(iii) Intelligent Technology Used: Machine Learning Techniques- Logistic Regression
and Collaborative Filtering
(iv) Support for Big Data Analytics and Name of Platform Used: Yes, HDFS
(v) Evaluation Metrics: MAE, RMSE, Specificity, Sensitivity, Precision, and Recall

2.5. CHAPTER SUMMARY
This chapter discusses the category specific literature review broadly about four types of
conventional search systems. This chapter mainly focused on the first two objectives of
this research work, i.e., (i) To underline the flaws in existing data mining techniques to
extract useful page ranking patterns from big databases of search engines. The objective
is accomplished by highlighting various shortcomings of conventional search systems
while operating within the modern generation of big data such as real-time response,
elastic scaling, load spikes resistant and failure resistant. (ii) To make a comparative
analysis of various traditional personalized search systems. The objective is
accomplished by discussing category specific detailed features, limitations of
conventional search systems and tabular comparison of personalized search systems and
various earlier proposed versions of the IMSS tool.
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CHAPTER 3
SYSTEM ARCHITECTURE

3.1. INTRODUCTION
This chapter discusses deployed system architecture and compares and contrasts between
various available cloud computing platforms to identify a best-suited platform for the
implementation of personalized metasearch application. The detailed tabular comparison
between different deployment platforms is followed by the discussion of the system
architecture of the pioneered Intelligent Meta Search System (IMSS). This chapter first
covers the basics of cloud computing. The objective of cloud computing is to move from
the physical infrastructure and locally managed software services to virtualized services
available on user's demand. A cloud may be public cloud, private cloud or a mix of both,
i.e., a hybrid cloud which allows the authorized users and organization to take dual
advantage of secure network storage along with public functionalities that are easily and
anywhere accessible using the Internet. Cloud computing may be described as a model
for enabling convenient, on-demand access to computing services and a configurable
pool of resources like applications or servers that can be rapidly configured and released
in real time. These on-demand resources and services are offered by IT giants like
Google, Amazon, and Microsoft, etc. The overview of cloud computing is shown in Fig.
3.1.
Some of the key characteristics and properties of cloud computing are as follows:
1. Cloud services are elastic and are available as on-demand services. Cloud allows
users and organizations to configure resources or services in real time.
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2. Cloud computing allows multi-tenancy, i.e., multiple users can access a single
server to process their data without purchasing applicable licenses for different
applications.

Fig. 3.1 Overview of cloud computing (http://osaipl.com[164])

3. Cloud computing follow "use and pay" principle which means one need to pay as
much as long as he or she uses the services.
4. Cloud computing uses a technique like client-server model which means that the
user needs to connect to a server and his or her process may run on one or
multiple computers using virtualization technique.
5. Cloud computing provides a robust user and task-centric programming platform.
6. Cloud computing is based on a strong foundation of services management and
software development.
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7. Cloud computing players include organizations, vendors, partners, and
developers.

3.2. CLOUD SERVICE MODELS
The cloud computing models include IaaS, SaaS and PaaS. The detailed description of
these three models is as follows:


IaaS (Infrastructure-as-a-Service): This model provides various resources like
CPU, storage, bandwidth, power, etc. For example Rackspace, Amazon Web
Service (AWS), Verizon, etc.



SaaS (Software-as-a-Service): This model provides user access to the
application without buying licenses. However, here, the user is not equipped
with a control to network, hardware, security or OS. For example Google
Cloud Platform (GCP), Salesforce.com, Zoho, etc.



PaaS (Platform-as-a-Service): This model provides network, operating
system, and hardware infrastructure to provide the necessary services and a
complete platform for installing user‟s applications. For example Informaticaon-demand, Google cloud, Azure, etc.

3.3. COMPARISON OF DEPLOYMENT PLATFORMS
To choose appropriate deployment framework for a web search and ranking application,
one needs to compare various aspects such as capabilities for partial failure support, fault
tolerance, scaling, real-time processing and efficiency in iterative execution. Here, in the
current research work, various existing deployment paradigms are examined as discussed
in section 3.3.1, 3.3.2 and 3.3.3 to explain some of the characteristics of different cloudbased platforms useful for the implementation of Intelligent Meta Search System (IMSS)
tool in the current research work (Malhotra & Rishi, 2018a).
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3.3.1 Types of Deployment Platforms
Various existing cloud-based deployment platforms are explained as follows (Khurana,
2014)


In one of a kind, cluster utilizes blob storage space as a primary storage space
such as Azure blob store, S3. Here temporary clusters are implemented, and they
exist only till the period of workflow execution. Blob store act as a source and
destination of the workflow. Here, virtual machines may be considered as task
execution containers.



In another type, first generation HDFS (Hadoop Distributed File System) is used
as a primary storage space. In contrast, here, persistent clusters are used for longterm storage. Moreover, virtual machines are persistent, and they can perform
execution as well as data storage. This type may even use blob storage for cyclic
backups and to give data to HDFS. This kind of cloud deployment platform is
useful for workloads of type SLA batch workloads, Ad Hoc interactive, and Ad
Hoc batch. For instance, interactive SLA workloads are usually deployed on
HDFS due to virtual machines requirement as servers and blob storage
requirement as a backup.

3.3.2 Second Generation HDFS
The progress from the first generation of HDFS to the second generation is due to the
change in processing capabilities from a batch-oriented environment of the first
generation HDFS to comparatively much more interactive processing capabilities of the
second generation HDFS. The first generation HDFS is not suitable for a personalized
web search application as it has limited support to machine learning necessary to
determine personalized page ranking order. Furthermore, first-generation HDFS is more
I/O intensive rather than a second-generation interactive version of HDFS which more
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suits to a personalized web search application like IMSS tool implemented within
current research work.
Moreover, due to recent technological shifts, second generation big data processing
systems need to support multiple analytic methods on varied data types, and the ability
to respond in real time. The essential characteristics of first-generation HDFS, i.e.,
partial failure support, scalability through data streaming and global memory scheduling
is also required to be continued by second-generation HDFS as shown in Fig. 3.2.
(Malhotra and Rishi, 2018a). There are two significant trends of the second generation
HDFS based big data search and ranking systems (Khurana, 2014)


There is rapid growth in network bandwidth as compared to hard drive bandwidth



Development of In-memory computation models such as Spark allows
intermediate results to be kept in memory and hence reduces the overhead of
iterative analytics

Second generation HDFS is adapted as a long-term store from where web applications
read their initial data and write back their final results. The data layer is subdivided into
various segments for steady storage and provides storage for intermediate objects
separately. However, one of the limitations of HDFS lies in running iterative algorithms
efficiently. Map function requires to read data at the start of iteration and to write back
the results to the disk at the end of the iteration. This frequent access to disk in writing
and reading data is responsible for low performance and efficiency degradation. (Singh
and Reddy, 2015)
The two major strengths of the second generation of HDFS are as follows:


YARN



HDFS Federation

YARN is a resource manager and is often treated as an operating system of Hadoop. It is
responsible for managing workload and security controls to ensure high availability of
Hadoop and Map- Reduce platform for efficient big data processing. YARN was created
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as a result of the separation of resource management capabilities from processing
engines capabilities of Map-Reduce implementation within the first generation of HDFS.
Moreover, YARN in addition to Map-Reduce supports multiple processing models for
big data analytics. HDFS federation allows creating multiple name nodes for managing a
Hadoop cluster. However, only one name node was permitted in the first generation of
HDFS. The second generation of HDFS, on the other hand, allows for horizontal scaling
for performance improvement. The most significant benefits of the second generation
HDFS over the first generation HDFS is processing speed and reliability improvements
due to the introduction of YARN and HDFS federation.
The reliability feature is achieved by HDFS federation as it avoids complete disruption
of the Hadoop cluster due to the failure of single name node available as it allows having
multiple name nodes. Moreover, second-generation HDFS allows executing different
type of jobs at the same time. The second generation of HDFS allows machine learning,
SQL interaction for big data processing, etc.

Big data
Analytics
Engine 1

Big data
Analytics
Engine 2

Big data
Analytics
Engine 3

Programming
Model Based on
(Key, Value)
Processing

Data
Warehouse

Data
Streaming

YARN – Resource Manager

Resource Scheduling- Critical Section
Data Storage Space

Map
Reduce
Processing

HDFS

HDFS Federation

First Generation HDFS Deployment

Second Generation HDFS Deployment

Fig. 3.2 Second vs. first generation HDFS (Malhotra and Rishi., 2017)
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3.3.3 Ranking Comparisons of Deployment Platforms
Table 3.1 shows a ranking comparison of various possible big data deployment
frameworks on different characteristics such as scaling, fault tolerance. Here Rank -1
shows the best option and Rank - 5 for worst choice among all of the listed platforms. It
may be noted that this ranking table provides a general idea regarding the strengths and
weakness of various platforms and it mainly depends on the specific application. In
general, big data applications, there is a tradeoff between scaling and real-time processing
capabilities. For example, in web search applications, indexing process requires a highly
scalable platform to handle billion of web pages returned by some supporting search
engines. This indexing accomplished via HDFS and Spark are the optimal choices for
web search applications (Singh and Reddy, 2015), and hence these are preferred and
proposed deployment frameworks for website search and ranking applications.

In the implementation of IMSS tool within current research work, Hadoop Distributed
File System (HDFS) platform is chosen due to its high scaling and fault tolerance ranks
which are the two most essential requisites in the implementation of a personalized
metasearch tool, such as, Intelligent Meta Search System (IMSS). The HDFS platform
allows the Map-Reduce framework for the analysis of Big Data and usage of Hadoop for
storage in an effective and efficient manner.

Moreover, preference is also given to HDFS over SPARK platform due to easy
availability and adaptability of hardware and software related infrastructural requirements
for HDFS- Map-Reduce environment and hence to improve the probability of increased
usage and popularity among prospective users (Malhotra & Rishi, 2018a).
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Table 3.1.Ranking comparison of existing and proposed platforms

Scaling
Rank
(Type)

Fault
Tolerance
Rank

Real-Time
Processing
Rank

Iterative
Tasks
Rank

HDFS

1 (Horizontal)

1

4

4

SPARK

1 (Horizontal)

1

4

3

PEER TO PEER

1 (Horizontal)

5

5

4

HPC CLUSTERS

3 (Vertical)

2

3

2

MULTICORE

4 (Vertical)

2

3

2

GPU

4 (Vertical)

2

1

2

FPGA

5 (Vertical)

2

1

2

Platform

3.4. CLOUD ARCHITECTURE OF THE IMSS SYSTEM
This section discusses Hadoop 2 based cloud architecture of the implemented Intelligent
Meta Search System (IMSS) in the current research work. Hadoop architecture is built
for efficiently writing applications which process a massive amount of data in parallel on
large clusters of commodity hardware in a reliable and fault tolerant manner in a cloud
environment. Hadoop is an open source implementation of Google Map-Reduce
architecture, sponsored by the Apache software foundation. Hadoop consists of two core
components: The Hadoop Distributed File System (HDFS) and Map-Reduce
(https://backtobazics.com [159]). A set of machines running HDFS and Map-Reduce is
known as a Hadoop cluster which helps store data. There are many other projects based
around core Hadoop often referred to as the "Hadoop Eco System" such as Pig, Hive,
HBase, Flume, Oozie, Sqoop, Zookeeper, etc. (Malhotra et al., 2017)
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3.4.1 The Map-Reduce Programming Model
Map-Reduce is the system (programming model) used to process data in the Hadoop
cluster. It is used for parallel computing for large-scale data sets (more than 1TB). MapReduce deals with massive data sets on a cluster mainly through the two steps of "Map
Phase" and "Reduce Phase" . First of all, Map processes the input key and value pair to
generate the intermediate results followed by shuffle and sort phase. Finally, the Reduce
phase is used to merge the processed results to obtain the output appropriately. It is
shown in Fig. 3.3. Here, Map method will accept a key as search engine ID for each
retrieved web links cluster from various background search engines and the second
argument is weblog to tokenize each of the entry of link entry in the weblog for counting
frequency of each of the keyword in a search query. Insert () method is used to generate
elements in the list by inserting numeric one corresponding to each occurrence of a
keyword as we token. However, reduce method is implemented to cumulate over all the
appearance of each keyword as indicated by Map () function through the insertion of
numeric 1(one) to determine the frequency of the keyword in each of the web document
and hence to conclude the content relevancy vector of retrieved web documents from
various search engines. (Malhotra & Rishi, 2018a). Various components of the
architecture of the proposed and implemented system, i.e., IMSS are shown in Fig. 3.4.
These components are explained as follows (Malhotra et al., 2017):
Cloud Cluster Manager: It is a supervisor of metasearch tool architecture and is
responsible for web page distribution, web page storage; inter-cluster communication in
the HDFS, etc. Its design is crucial for the efficient performance of the IMSS tool. The
cloud cluster manager is responsible for communication between various Hadoop
clusters for effective and efficient processing of the web search data. It is also
responsible for storage and retrieval of web pages within cloud storage.
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Map (SEngine_ID : Integer, Web_Log : String)

Shuffle and Sort Phase

Reduce (KL: String, count: List <Integer>)

Output

Fig. 3.3 Map-Reduce functionality of the IMSS tool
Map (SEngine_ID : Integer, Web_Log : String)

//Web Log Cluster processing

{
List<String> TL: = Tokenize (Web_Log)

// TL- Token List

While (Web_Token in TL)
{
Insert ((String) KL, (Integer) 1)

// KL- Keyword List

}
}
Reduce (KL: String, count: List <Integer>)
{
Integer Freq = 0
While (KL)
{
Freq = Freq + 1 // Keyword frequency count
}
Insert ((String) Web_Token, (Integer) Freq)
}
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NameNode (NN): In this architecture, NameNode is considered as a master that direct
commands to all DataNodes (DN) which are regarded as slaves. NN handles all
bookkeeping tasks of HDFS. It serves file system metadata and information related to
DN entirely from RAM for faster access and monitors the overall health of the
distributed file system. The NN uses two files, i.e., Fsimage and Editlogs to describe the
entire state of the cluster and to track all updates in the file system respectively. NN is a
node which is running all the time. However, there is a tradeoff; if NN fails then, the
cluster becomes inaccessible. On the other side, if some of the DN fails then cluster is
still accessible. (Malhotra et al., 2017)
CLOUD CLUSTER MANAGER

Cluster Cache

Cloud Storage

CLUSTER-BING

CLUSTER-GOOGLE
Local
Storage
DN-1 & TT

NameNode &
Job Tracker
DN-2 & TT

SNN

DN-N & TT

Local
Storage
DN-1 & TT

NN & JT
DN-2 & TT

SNN
DN-N
& TT

Fig. 3.4 Architecture of the IMSS tool
Moreover, NN is also responsible for maintaining the redundancy of data in the blocks by
mentioning the replication factor. This information is vital so that cluster should remain
accessible in case of failure of any of the DN. Hence system admin will take care to
ensure that NN hardware is reliable and available for smooth functioning. NN is also
responsible for tracking the health status of DN via heartbeat connection
(http://blog.socratesk.com [161]).
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Secondary NameNode (SNN): SNN is not a backup of NN, but it does some housekeeping tasks for NN. The primary difference between NN and SNN is that SNN does
not keep track of the changes made to Hadoop Distributed File System, i.e., HDFS.
However, SNN maintains journaling or Editlog where incremental modifications are
made to the metadata. NN does not participate in Editlog or journaling activities as NN is
usually occupied in critical activities like rack placement strategy, block read and writes,
etc. SNN communicates with NN to take snapshots of HDFS metadata at pre-defined
time intervals defined by Hadoop cluster for minimizing the downtime and loss of data.
Hence whenever NN fails, then Editlog and image file can be used for back up to ensure
smooth conduct.
Job Tracker (JT): In this architecture, JT is considered as a communication link
between NN and client (Map-Reduce application). This daemon is responsible for
accepting expanded search query requests from the client and allocating those tasks to
various Task Trackers residing on various Data Nodes. The JT can also reallocate the job
to a new TT on the replica of a DN in case of a failure of a node to ensure that DN failure
does not lead to the cluster breakdown or job failure.
Task Tracker (TT): The TT is active on DN, unlike JT which is active on a master
node, i.e., NN. TT and JT both are known as „computing nodes‟. Besides, TT is also
required to update its existing status to JT via heartbeat connection. The responsibility of
a TT here in the system architecture of IMSS is to accept the search query request from a
JT and to collect the page links returned by a corresponding search engine and to sort
those links by personalized preferences of the user.
DataNode (DN): In this architecture, DN is considered a slave node and is responsible
for storing data. Whenever it is required to read or write an HDFS file, the file is broken
into blocks, and the NN will tell the client in which DN each block resides
(http://pramodgampa.blogspot.com [162]). A client is a Java library or a service provided
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by Hadoop. The client communicates directly with the DN to process the local files
corresponding to the blocks (http://ioenotes.edu.np [160]). Furthermore, a DN may
interact with other DN to replicate its data blocks for redundancy. DN's are regularly
reporting to the NN. Upon initialization, each of the DN informs the NN of the blocks it
is currently storing. After this mapping is complete, the DN's continually poll the NN to
provide information regarding local changes as well as receive instructions to create,
move or delete blocks from local disk (http://a4academics.com [167]). The storage of
blocks in DN's is governed by the concept of Rack Placement Strategy (Malhotra et al.,
2017), where


The first copy of the block will be placed on any rack



The second copy will always be different than the Rack of first copy called as off
the rack



The third copy will always be placed in the same Rack but with different DN

Information Flow in HDFS
The information flow within the Hadoop Distributed File System of metasearch tool, i.e.,
IMSS is shown in Fig. 3.5. The steps for information flow are as follows:


Firstly, a Map-Reduce client process submits a job to be processed to the JT.



The JT is responsible for retrieving data location information from NN and try to
assign the job to TT based on the exact location of data within a specific DN.



The TT initiates the map tasks and is responsible for giving the status of execution
to the JT.



The processed results are passed from the Map task to Shuffle and Sort phase and
finally to the Reduce task.

The Reduce task is responsible for processing the intermediate results from Map task and
writing the final results to the Hadoop Distributed File System.
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Map

JT

Reduce

NN

HDFS

TT

DN

TT

DN

TT

DN

Fig. 3.5 Simplified information flow diagram in HDFS

3.5. HADOOP IMPLEMENTATION OF ACVPR ALGORITHM AND
IMSS TOOL
The new web search personalization algorithm, that is, Advanced Cluster Vector Page
Ranking (ACVPR) algorithm is implemented in the form of a metasearch tool, that is,
Intelligent Meta Search System (IMSS) on Google Cloud Platform (GCP) using Hadoop
and Map-Reduce configuration. The Google cloud platform provides essential features
and resources like compute engines, VM instances with required configurations by "Pay
on Usage" basis. The GCP provides credits to use the services free of cost initially. The
IMSS tool is implemented and deployed using a single cluster setup on GCP. The
detailed cluster information regarding deployment of IMSS tool within current research
work is shown through screenshots from Fig. 3.6 to Fig. 3.13.
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Fig. 3.6 Nodes information in the Hadoop cluster of IMSS tool

Fig. 3.7 IMSS tool interface with a specific external IP address
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Fig. 3.8 NameNode information of IMSS system

Fig. 3.9 NameNode- DFS cluster information on HDFS
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Fig. 3.10 NameNode journal status information of the IMSS tool

Fig. 3.11 DataNode information of the IMSS tool
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Fig. 3.12 Hadoop scheduler metrics of the IMSS tool

Fig. 3.13 Hadoop startup progress for the IMSS tool
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3.6. ADVANTAGES OF CLOUD DEPLOYMENT FOR IMSS TOOL
There are various advantages of deploying the Intelligent Meta Search System (IMSS) on
the cloud based on the second generation HDFS. These advantages are discussed as
follows:
1. Elastic Scaling: The virtual machine instances created to run IMSS application
may be added or removed depending upon the load. Thus, depending on the
number of links returned by background search engines will determine the
number of data nodes to be used by the application and is also referred to as
dynamic scaling.
2. Resource Management: The IMSS application is deployed on the Google Cloud
Platform (GCP). Google provides the necessary virtual machine instances,
network bandwidth, and other infrastructure. In case of unpredicted failures or
some hardware updates, GCP will automatically locate new VMs for IMSS
application. The GCP will save a lot of effort required in the form of IT skills or
hardware skills necessary to successfully deploy and manage the application.
3. Infrastructure Offloading: The IMSS application can save a lot on GCP as it is
comparatively expensive to manage its own data center, hardware infrastructure,
network bandwidth and software licensing, etc. GCP allows keeping this
infrastructural cost to a minimum as well as helps in implementing pay-ondemand.
4. Search load Spikes: The number of users of IMSS application may unexpectedly
increase on a specific day. GCP based second generation HDFS deployment is an
ideal platform to scale out during peak loads to handle load spikes in a user and
developer friendly manner.
5. High Reliability: The GCP based second generation HDFS allow to maintain
redundant copies of the data by keeping the same data in multiple DNs. This
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concept is also popularly known as “Rack Placement Strategy” where fist copy is
placed randomly in any rack. The second copy is kept on a different rack.
However, the third copy will be maintained on the same rack but with different
DN. This redundancy in information will ensure the high availability even in the
case of failure of a data node.
6.

Lesser Issues: Due to backup of GCP and reliable second-generation HDFS,
IMSS tool will have lower operational issues as highly professional Google
experts maintain network and software infrastructure. This reliable infrastructural
assurance leads to the high availability of the search tool to the end user.

3.7. CHAPTER SUMMARY
This chapter discusses various available cloud computing platforms to implement and
deploy the metasearch application, that is, IMSS. This chapter carries out a detailed
ranking comparison between different platforms like HDFS, SPARK, etc. The tabular
ranking comparison helps in identifying HDFS as the best cloud platform to implement
IMSS tool. The detailed system architecture of the IMSS is also discussed in this chapter.
The system architecture is followed by various screenshots of the Hadoop cluster setup
information on the Google Cloud Platform (GCP). The cluster information is followed by
a detailed discussion of the advantages of choosing the second generation HDFS and
GCP based deployment for current research work.
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CHAPTER 4
GOOGLE CLOUD PLATFORM

4.1. INTRODUCTION
This chapter discusses the Google Cloud Platform (GCP) and various steps to
demonstrate how to set up a single-node or multi-node cluster configuration for big data
analytics. The role of GCP in the deployment of the recommended system architecture is
also discussed in detail. The big data analytics is vital for the implementation of a
metasearch application like Intelligent Meta Search System (IMSS) tool within current
research work. The big data in the form of a vast number of returned links by various
background search engines can be easily analyzed using Hadoop- MapReduce analytics
platform in real time. This analytics, in turn, assist in quickly choosing the most relevant
page ranking order to be shown to the user to best suit his or her personalized
requirements. (Malhotra and Rishi, 2018b)

4.2. VIRTUAL MACHINE (VM)
The Google Cloud Platform (GCP) is an ideal platform for exploring various cloud
services (Malhotra and Rishi, 2018b) required to deploy a metasearch application like
Intelligent Meta Search System (IMSS) tool. The compute engine module allows the
developer to create and use VM machines which are virtual copies of OS servers like
Linux server and Window server. The GCP let the user choose VMs with small to a large
configuration in terms of CPU cores, memory, and OS image to best suit the project
requirements like that of a personalized metasearch tool. The number and configuration
of VMs are dependent on the load, i.e., the number of simultaneous users of the IMSS
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tool. The free trial account allows the developer to have 300$ credit to explore various
services offered by GCP. The interface and multiple functionalities offered by GCP are
shown through multiple screenshots in this chapter. In Fig. 4.1, GCP interface displays
details of IMSS project information such as project ID, project number, billing status,
platform status to represent whether all services are normal or not. The left pane provides
access to various tabs like a compute-engine to create VM instances, cloud launcher,
billing, App launcher, etc. The error reporting option allows the user to get assistance for
reporting various errors in cloud setup from Google expert team. The VM instances are
required to be created as shown in Fig. 4.2 by choosing OS, access scope, CPU
configuration, and firewall rule to allow HTTP traffic. To develop multi-node cluster
setups, one needs to create multiple Virtual Machine (VM) instances.

Fig. 4.1 Interface of GCP showing details of IMSS project

68

Fig. 4.2 Creation of a VM instance in GCP

Fig. 4.3 VM configurations available in GCP
As shown in Fig. 4.3, various VM configurations varying from 1 core CPU with 3.75 GB
memory to 96 cores CPU with 360 GB memory is available in GCP. Thus a developer
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can choose any of these configurations for master and slave instances. The master
instance is responsible for managing NameNode and DataNode. It will be responsible for
providing data by distributing web links to slave nodes returned by the backend search as
well as to collect processed data from each of the slave nodes through its job tracker
component in a multi-node cluster setup. The number of slave instances may be created
in proportion to Data Nodes required by implemented personalized metasearch
application, i.e., IMSS. It may be noted that the adequate number of DataNodes should be
generated depending upon the volume of the big data needed to be processed, either more
or less number of DataNodes than required will severely affect the performance of the
cluster and hence the efficiency of the application.

4.3. GOOGLE CLOUD CLUSTER CONFIGURATION
There are two possible ways to set up a cluster on the Google cloud as required by the
current deployment of IMSS tool:
(i)

Single Node Configuration

(ii)

Multi-Node Configuration

The single node configuration is a sub-step for multi-node configuration. Hence steps to
set up a single node configuration will be common to both of them. Section 4.3.1
discusses various sub-steps of the single node configuration.

4.3.1. Single Node Configuration
The single node configuration will create one VM instance known as master instance and
will serve the purpose of both NameNode and DataNode (www.tutorialspoint.com
[157]). The main steps for a single node cluster configuration are as follows
(www.linode.com [158]):
(i)

Java Installation

(ii)

Hadoop Installation

(iii)

Configuring Environment Variables
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(iv)

Configuring.XML Files

(v)

Creating Directories and Changing Ownership

(vi)

Rebooting

(vii)

RSA Key Generation and Authorization

(viii) NameNode Cleaning and Service Verification
(ix)

Firewall Rules Settings

(x)

DFS Health Checkup

4.3.1.1. Java Installation
After clicking SSH, Google will transfer secure shell keys to the virtual machine, and as
soon as the keys are transferred, the command prompt is required to execute various
commands for Java installation and single node cluster setup as shown in Fig. 4.4. To
install Java, firstly, java8-Debian.list file is created using nano editor via superuser
privilege command (sudo) within the specified path as shown in Fig. 4.5. This process of
file creation is followed by downloading the latest packages of Java from the launch pad
of Personal Package Archives (PPA) repositories using deb command as shown in Fig.
4.6. This process of downloading packages is followed by the installation of the directory
manager using superuser privilege as shown in Fig.4.7. The directory manager will assist
in downloading keys with ID EEA14886 from key server to validate Java packages as
shown in Fig. 4.8. This key download is followed by updating packages as shown in
Fig.4.9 followed by installation of Java using superuser privilege as shown in Fig.4.10.
The Java installation will lead to additional memory occupancy of 30.5 MB of space. The
yes acknowledgment is then followed by two prompts to agree to Oracle binary code
license agreement to use Oracle-Java Development Kit (JDK) and downloading .tar
format of Java as shown in Fig.4.11, 4.12 and 4.13. This process is followed by accepting
Java as default on the single node Linux instance under configuration as shown in
Fig.4.14. The successful installation of Java may be confirmed by checking version
details of the Java as shown in Fig.4.15.
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Fig. 4.4 Secure shell (SSH) command prompt

Fig. 4.5 Creation of java8-debian.list
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Fig. 4.6 Downloading Java packages from PPA repositories

Fig. 4.7 Installation of the directory manager
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Fig. 4.8 Downloading key with ID EEA14886

Fig. 4.9 Updating Java packages
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Fig. 4.10 Command to install Java

Fig. 4.11 Oracle JDK license agreement
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Fig. 4.12 Oracle binary code license agreement

Fig. 4.13 Downloading Java in .tar format
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Fig. 4.14 Setting Java as default

Fig. 4.15 Checking installed version of Java
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4.3.1.2. Hadoop Installation
The next step is to install Hadoop from Apache- Hadoop website. The binary link of the
most stable version of Hadoop is required to be checked as available on the site. If the
desired release is not available, then the archive links may be considered for installation.
The tar version of Hadoop-2.8.3 can be downloaded using wget command as shown in
Fig. 4.16. The tar/.gz version can then be extracted using tar command via superuser
privilege as shown in Fig. 4.17. The extracted files are required to be copied to
/usr/local/hadoop to ensure that the same path could be used for configurations as shown
in Fig. 4.18. The ls command can be used to check various files copied to the desired
location, i.e., /usr/local/Hadoop.

Fig. 4.16 Downloading Hadoop-2.8.3
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Fig. 4.17 Extracting Hadoop

Fig. 4.18 Copying Hadoop to /usr/local/hadoop
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4.3.1.3. Configuring Environment Variables
After Java and Hadoop installation, the next step is to configure various Hadoop
environment variables. This process of configuration starts by copying different
environment variables like HADOOP_HOME, JAVA_HOME, YARN_HOME, etc. with
their appropriate path at the bottom of the .bashrc file as shown in Fig. 4.19. The path is
shown for JAVA_HOME in Fig. 4.19 is required to be copied and to be overwritten into
hadoop-env.sh file using superuser privilege as demonstrated in Fig. 4.20. This process of
copying and overwriting is necessary so that Hadoop can determine the location of Java
and can access it for execution.

Fig. 4.19 Copying environment variables to .bashrc file
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Fig. 4.20 Editing JAVA_HOME variable in hadoop-env.sh file

4.3.1.4. Configuring .XML Files
After configuring environment variables, the next step is to configure various .XML files
with superuser privilege. The files such as mapred-site.xml, hdfs-site.xml, core-site.xml,
and yarn-site.xml are required to be configured. The core-site.xml is required to update
<configuration> tag with a <property> tag to specify the port number of localhost: 9000
as shown in Fig. 4.21. The hdfs-site.xml is required to be updated with <property> tag
specifying replication factor and path of the NameNode and DataNode as shown in Fig.
4.22. The yarn-site.xml is required to be updated with a <property> tag specifying
necessary information for big data processing via the MapReduce framework in HDFS
environment as highlighted in Fig. 4.23. The mapred-site.xml is not available within
/usr/local/hadoop path. Instead, a template file is available. So, it is first required to
generate required .XML file from the template file as shown in Fig. 4.24. This process of
generation of the file is followed by adding a <property> tag within newly generated
mapred-site.xml for assigning yarn value to the map-reduce framework as shown in Fig.
4.25.
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Fig. 4.21 Configuring core-site.xml

Fig. 4.22 Configuring hdfs-site.xml
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Fig. 4.23 Configuring yarn-site.xml

Fig. 4.24 Generating mapred-site.xml
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Fig. 4.25 Configuring mapred-site.xml

Fig. 4.26 Creation of NameNode and DataNode directory
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4.3.1.5. Creating Directories and Changing Ownership
The NameNode and DataNode directories are required to be created for setting various
configurations to continue single node setup. The existence of these directories can be
verified by using ls hdfs command within a specified path /usr/local/hadoop as shown in
Fig. 4.26.
It may be noted that all directories are accessed via „root‟ using superuser privilege as
illustrated in Fig. 4.27. However, as shown in Fig. 4.28, change in ownership to
metasearch tool from the root is required so that the Hadoop directory can be locally
accessed without the intervention of root. The chown-R command is used to change
ownership, and the ls-l command is used to verify the owner of Hadoop subdirectory
within /usr/local path.

4.3.1.6. Rebooting
After performing all the above five steps, there is a need to reboot the machine so that all
configuration changes can take place effectively. This process can be accomplished
through rebooting as demonstrated in Fig. 4.29. It may be noted that rebooting is
mandatory to execute various commands on the Hadoop platform such as hdfs, hadoop,
etc.
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Fig. 4.27 Root ownership to subdirectories within /usr/local/Hadoop

Fig. 4.28 Ownership change from root to metasearch tool

86

Fig. 4.29 Command to reboot the machine

4.3.1.7. RSA Key Generation and Authorization
To authorize SSH access, the RSA key is required to be generated followed by
authorization on the local machine. The commands for generation and authorization of
keys is as shown below in Fig. 4.30 and Fig. 4.31 respectively. The random art image of
the generated key will be shown as the acknowledgment after the execution of the
command. The public key will be saved in /home/metasearchtool/.ssh/id_rsa path.
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Fig. 4.30 RSA key generation

Fig. 4.31 RSA key authorization
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4.3.1.8. NameNode Cleaning and Service Verification
To access the DFS, NameNode is required to be formatted using the command as shown
in Fig. 4.32. After formatting, various services like dfs.sh, yarn.sh, etc. may be initiated
to start the services like NameNode, DataNode, Secondary NameNode, etc. The
command start-all.sh may be used to start all services by a single command. The jps
command may be used to verify the status of running services as highlighted in Fig. 4.33.

4.3.1.9. Firewall Rule Settings
To add firewall rules, edit tab on the top of the Google Cloud Platform (GCP) is required
to be accessed as shown in Fig. 4.34. The presented interface then may be used to edit
various fields to set the name of the firewall; targets, i.e., all instances in the network;
source IP, i.e., 0.0.0.0/0; protocol and ports, i.e., allow all, etc.

Fig. 4.32 NameNode formatting
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Fig. 4.33 Commands to start and verify services

Fig. 4.34 Adding firewall rules
90

4.3.1.10. DFS Health Checkup
The external IP address of the instance is required to be copied to the browser address bar
followed by a colon and then port no, for example like 35.231.192.17:50070/. The
procedure to access the master node DFS health or NameNode information is shown in
Fig. 4.35 and Fig. 4.36.

Fig. 4.35 NameNode information

4.3.2 Multi-Node Configuration
To set up a multi-node cluster, the steps as mentioned for a master node within section
4.3.1 are required to be repeated for each of the slave nodes of the cluster. The master and
slave instances are required to be set up a single node instance. However, the additional
steps required for a multi-node cluster are discussed as follows:
(i)

Networking and SSH Syncing

(ii)

Editing Masters and Slaves File

(iii) Property Modification in .XML Files
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Fig. 4.36 Master node DFS

Fig. 4.37 NameNode and DataNode recreation
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The NameNode and DataNode directories are first required to be deleted and then
recreated. This recreation is necessary to avoid any possibility for junk data within these
directories and hence to facilitate multi-node configuration and can be accomplished
through the execution of commands as shown in Fig. 4.37.

4.3.2.1. Networking and SSH Syncing
After completing the process of single node setup on all the three instances, i.e., Master,
Slave1 and Slave2 instances, networking is required between all the three instances as all
of them are working on different IP addresses as shown in Fig. 4.38. This networking can
be accomplished in two sub-steps (i) IP address copying of all instances within /etc/hosts
file of the master as well as slave instances as shown in Fig. 4.39 (ii) Copying key
generated at master instance within all slave instances as depicted in Fig. 4.40 and Fig.
4.41. After performing networking, connections between master and slave can be synced
using ssh command. This command will allow accessing any of the slaves from a master
window without requiring to open a dedicated SSH window of each of the slave as shown
in Fig. 4.42

93

Fig. 4.38 External IP address information of all three instances

Fig. 4.39 Copying IP address information in /etc/hosts
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Fig. 4.40 Key generation at the master instance

Fig. 4.41 Command to copy a master key within slave instance
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Fig. 4.42 SSH syncing between master and slave2 instance

4.3.2.2. Editing Masters and Slaves file
Before, starting with configuration of .XML files, one need to update the masters and
slaves file. This update is necessary as master instance will act both as NameNode and
DataNode. However, a slave instance will work like DataNode only. The editing of
masters and slaves file is shown in Fig. 4.43, 4.44 and 4.45.
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Fig. 4.43 Commands to edit masters and slaves file

Fig. 4.44 Editing masters file
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Fig. 4.45 Editing slaves file

4.3.2.3. Property Modification in .XML Files
To complete the process of multi-node cluster setup, there is a need to edit property tags
within various .XML files at master and all slave instances. The property tag of core-site
.xml is modified in all instances to specify master: 9000 instead of localhost: 9000 as
shown in Fig. 4.46.
Similarly, there is a need to update replication factor from 1 to 3 in hdfs-site.xml of all
the instances as we have a total of 3 data nodes including one master node and two slave
nodes as shown in Fig. 4.47. Moreover, an additional property tag specifying the
mapred.job.tracker information is required to be appended within mapred-site.xml of all
the three instances as shown in Fig. 4.48. However, yarn-site.xml does not require any
modification in any of its property.
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Fig. 4.46 Property tag modification in core-site.xml

Fig. 4.47 Replication factor modification in hdfs-site.xml
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Fig. 4.48 Appending additional property tag in mapred-site.xml

The process of adding firewall rules and starting and verifying DFS and yarn services is
similar to that of a single node cluster setup. The NameNode information and DFS health
can be retrieved for various instances like master and slave instances as already discussed
in section 4.3.1.8, 4.3.1.9 and 4.3.1.10.

4.4. CHAPTER SUMMARY
This chapter discusses the various features provided by the Google Cloud Platform
(GCP). These features can be used to set up a single node and multi-node cluster for big
data analytics. The multi-node cluster can be implemented in HDFS and Map-Reduce
environment to perform personalized page ranking as required by deployed metasearch
application, i.e., IMSS tool.
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CHAPTER 5
IMSS: SYSTEM DESIGN OF INTELLIGENT
META SEARCH SYSTEM

5.1. INTRODUCTION
This chapter discusses the detailed three-phase implementation design of the Intelligent
Meta Search System (IMSS). The first two phases describe best match prediction and
search query disambiguation followed by the third phase for personalized web page
ranking using the innovative Advanced Cluster Vector Page Ranking (ACVPR)
algorithm. The interface of the IMSS tool deployed using ACVPR algorithm for web
search personalization is also discussed in detail.

5.2. SYSTEM DESIGN
The present research work addresses the problem of personalized web page search and
ranking using intelligent analytics based on big data and machine learning. The system
design of the deployed IMSS tool is shown in Fig. 5.1. The prescribed system design is
capable of predicting best match user ID using machine learning followed by query
disambiguation or query expansion. The query disambiguation is followed by re-ranking
of results retrieved from various search engines like Google, Bing, and Qwant using
Intelligent Meta Search System (IMSS). Our contribution is a new Advanced Cluster
Vector Page Ranking (ACVPR) algorithm used to implement the IMSS tool. The detailed
discussion about ACVPR algorithm is in section 5.2.3. The deployed system design
consists of the following three phases:


Phase 1: Best match prediction using a machine learning model
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Phase 2: Query disambiguation and web page retrieval



Phase 3: Web page ranking using IMSS tool and ACVPR algorithm
Phase1

Web Search

Best Match
Prediction
using Machine
Learning
Model

Best
Match
Info

Phase 2

Processed
Query

Query
Disambiguation
and Web Page
Retrieval

Phase 3
Web Page
Retrieval and
Ranking using
IMSS Tool and
ACVPR Algorithm

User‟s
Personalized
Profile

Fig. 5.1 System design of IMSS tool

5.2.1. Phase 1: Best Match Prediction using Machine Learning Model
To determine the personalized preferences of a user by predicting feedback for a web link
and best match existing user ID, phase 1 implements here two different machine learning
models (i) logistic regression and (ii) collaborative filtering. The logistic regression based
model is used to predict the feedback for a given web-link to determine its ranking in the
final output corresponding to a search query of the user. The collaborative filtering based
model is used to predict information about the best match existing User ID of the system.
This information assists in suitable expansion and disambiguation of the search queries
by suggesting previously searched queries, sharing similar keywords with the current
query, and are made by existing best match users of the system. The latest browsing
history of the best match user is considered for predicting preferences of the current user.
The data is required to be in the .csv format as required by R statistical tool (Malhotra &
Rishi, 2018b). The .csv format file will consist of the data about the following five
variables:
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•

Feedback represents the relevancy response by the user for the previous web link
in his browsing history and can take either of two values, i.e., Yes or No

•

Loading represents the web page loading experience of the user and can take
either of two values, i.e., Good or Bad

•

Response represents the response time experience of the user and can take either
of two values, i.e., Good or Bad

•

Security represents the security protocol feature provided by the candidate web
page and can take either of two values, i.e., Yes or No

•

Personalized represents the usage of the Search Recommendation feature on the
interface of the tool, i.e., personalized expansion of the query by the user as
available on the tool interface and can take either of two values, i.e., Yes or No

As the response variable, i.e., feedback is binomial in the first type of machine learning
model so that we will use family = binomial (link = "logit”) while creating the
personalized search model. This syntax can be easily understood in mathematical terms
as discussed below:
The natural logarithm of the odds ratio may be expressed as
ln (odds ratio) = ln [P / (1- P))]

……. (1)

where, P = Probability of success or probability of response, i.e., Feedback = Yes

logit(P) =ln [P( Feedback = Yes) / P (Feedback = No)] = C0 + C1 x Loading + C2 x
Response + C3 x Security + C4 x Personalized

……. (2)

To improve the prediction accuracy of the response variable, i.e., feedback by predicting
the natural logarithm of the odds ratio, the probability of accurately predicting the
feedback response of the web user in the recommended model may be calculated as
follows:
Probability of true feedback = predicted odds ratio / (1+ predicted odds ratio) … (3)
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5.2.1.1. Steps for Generating and Testing Machine Learning Model
• Reading feedback.txt file to retrieve search data
• Model generation using various search parameters
• Plotting diagnostic curves for the generated model
• Recasting model by removing non-significant search parameter
• Deviance calculation between original and recast model
• Testing for multicollinearity and over-dispersion
• Plotting diagnostic curves for recast model
The regression and collaborative filtering based machine learning models used within the
present research work are discussed in detail within chapter 7.

5.2.2. Phase 2: Query Disambiguation and Web Page Retrieval
In today's era of big data, even a state of art search engine is fetching output links on the
top that may not be relevant to the user. Moreover, if the search query is ambiguous or
incomplete, then even a popular search engine is not likely to produce the appropriate
result as conventional search engines tend to return the result by interpreting all possible
meanings of the query. Hence, query disambiguation is one of the critical characteristics
of the IMSS tool for personalized information retrieval. As shown in Fig. 5.1, the web
search query is processed in phase2 to determine the keywords of the search query. This
step is followed by the determination of usage of similar keywords by other users in their
queries possessing best match or similar profile to that of the current user of the tool. The
browsing history of the best match user is retrieved to determine the most appropriate
search queries to be recommended to the current user. For instance, if the previous user
with best match ID already searched for queries like "Apple iPhone" or "Apple iPhone
XS". Moreover if the current user inputs a partial or incomplete query like "Apple," then
the previous user's search queries will be shown as recommendations to the current user
because of the matching profile of two users as reported by machine learning based
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recommendation module and sharing keyword, i.e., "Apple" between the search queries
of the two users. The expanded or disambiguated personalized queries are then presented
to the user. The user may select any one of the suggested query or may continue to search
his or her original unexpanded query. The final query chosen by the user is further passed
to all three background search engines, i.e., Google, Qwant, and Bing to retrieve web
links. The IMSS tool can thus possess a good recall characteristic by extracting massive
volume of the web because of the involvement of three popular and giant search engines
in its background, i.e., Google, Qwant and Bing. However, as already discussed, search
pages retrieved may be initially ranked in a biased or non-relevant order by these search
engines to support paid or advertised web links. Hence top ranked links from each of the
background search engines are passed to phase-3 for further shortlisting. The re-ranking
is accomplished by predicting feedback of each of the shortlisted web link considering
recent browsing history of the previous user possessing best match profile through
regression based machine learning model as discussed in detail within section 7.3.1 of
chapter 7 to better satisfy the personalized search needs of the current user. The number
of web links chosen from each of background search engine for further processing and
shortlisting in phase-3 is dependent upon the number of running Virtual Machine (VM)
instances to satisfy the real-time response requirement of the user. The number of VM
instances may be dynamically activated depending upon the current load of the system.
Hence deployed IMSS tool possesses elastic scaling through the implementation of
Hadoop 2 based analytics framework.

5.2.3. Phase 3: Web Page Ranking using Advanced Cluster Vector Page
Ranking (ACVPR) Algorithm
Our contribution is design and development of a new Advanced Cluster Vector Page
Ranking (ACVPR) algorithm to assist the user to frame unambiguous search query and
hence to retrieve a relevant web page. The ACVPR algorithm is implemented in the form
of Intelligent Meta Search System (IMSS) tool for personalized query recommendation
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and web page ranking. The ACVPR is an improvement of our previous published
Relevancy Vector (RV) algorithm (Malhotra & Rishi, 2018 a, b). ACVPR is an advanced
version of RV algorithm due to two main reasons (i) ACVPR is a generic page ranking
algorithm, while RV algorithm is adapted for the page search and ranking of ECommerce websites only (ii) ACVPR algorithm unlike RV algorithm incorporate
machine learning based regression model and collaborative filtering model

Browsing History
of Best Match User
ID

Web
Search
Query from
the User

Retrieve Recently
Browsed web Links and
Search Queries

User Profile
Database

Recommendation Engine

Disambiguated
Search Query to
the User

Meta Search on Three Background Web Search Engines Google, Qwant, and Bing

Retrieved Web Links to Phase
3 for Re-Ranking

Fig. 5.2 Phase 2: Query disambiguation & web page retrieval
The pioneered ACVPR algorithm is step by step discussed as follows:
•

Start
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•

Accept a web search query from a user

•

Split the query into various keywords W1, W2,...., Wn.

•

Determine the minimum (min) and maximum (max) length of each of the
keyword as follows:


Set min = strlen(W1), max = strlen(W1)



Set c = 2



While (c<n) do
If MIN >Wc then
MIN = strlen (Wc)
EndIf
If MAX <Wc then
MAX = strlen (Wc)
EndIf
EndWhile

•

Execute a personalized search query on all or selected backend search engines

•

Preprocess each web page in the form of a web dictionary consisting of
keywords having a length between min and max as determined in step no.4

•

Predict relevancy of each of the returned web page from each of the search
engines by generating machine learning model using glm () function

•

Check for null deviance, residual deviance, fisher scoring and possible errors like
multi-collinearity and over-dispersion to determine the model effectiveness in
ascertaining best user match and hence feedback of a prospective web page

•

Remove all those model generation parameters for which predictability value is
more than 0.05 and recast the model if it satisfies any of the following condition:

1. Residual deviance is more than null deviance
2. Fisher scoring iterations are more than 8 or over-dispersion is more
than 0.05
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3. Search parameters have a substantial value of the standard error
4. Variance inflation factor, vif () is more than 5
•

Determine user navigation session, which can be accomplished by
comparing the user's query with each of the past search queries present in
the user‟s profile database using the Longest Common Subsequence
(LCS). The LCS is used to determine the proximity between various users‟
preferences and store the same in SRV [ID] to represent the similarity
matrix to represent the personalized similarity between multiple users of
the system

•

Calculate timestamp TS of creation and average time spent by past user T P to
calculate Time Relevance Vector, TRV [ID] = (Ts + Tp) / 2

•

Calculate CRV [ID] as follows:
For x=1 to n do


// n refer to the total number of websites

Calculate the frequency of each keyword using a web dictionary
retrieved from step no.6



Call Map (SEngine_ID, Web_Log)



Call Reduce (KL, count)



Calculate the average frequency from the frequency of individual
keywords



Store average frequency in CRV [ID]

End For
•

For x=1 to r do // r refer to remaining websites


Calculate Privacy vector, PV[ID]=0;
If (linkprivacy = privacy (website (ID)) then
set PV[ID]=1



Calculate Accessibility Vector, AV[ID]=0;
If (Cloud = Public) then set
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AV[ID] =1


Calculate Reply Time Vector, Set RTV[ID]=0

If (linkresponse > ReplyTime (website(ID)) then
RTV [ID] = strresponse – ReplyTime (website (ID))
End If
End For
•

Eliminate all websites with either RTV[ID]= 0, PV[ID]=0 or AV[ID]=0

•

Determine Feedback Relevancy Vector, i.e., FRV[ID] to analyze online
reviews and categorize them into negative, positive and neutral reviews:

// Well satisfied user with feedback rating = 5 or 4
Set Count= 0
If (Review is Positive) then
Count = Count + 2

//Hesitant user with feedback rating= 3 or 2
Else If (Review is Neutral) then
Count = Count -1

// unsatisfied user with feedback rating= 1
Else If (Review is Negative)
Count = Count – 2
End IF
•

Set FRV [ID] = Count

•

Calculate Rank (website (ID)):= AV [ID]*((SRV [ID]* W1+
CRV [ID]*W2 + TRV [ID]*W3 + FRV [ID]*W4 +PV [ID]*W5+
RTV [ID]*W6)

•

Accept feedback from the user about the shown ranking order and update
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user profile database with a new value of weights, W1 to W6
•

Stop

The Advanced Cluster Vector Page Ranking (ACVPR) algorithm determines the
relevancy of a website for a specific user using the calculation of various relevancy
vectors such as Content Relevancy Vector (CRV), Similarity Relevancy Vector (SRV),
Reply Time Vector (RTV), Feedback Relevancy Vector (FRV), and Privacy Vector (PV).
The algorithm starts with a personalized expansion and disambiguation of the search
query as discussed in section 5.2.2. The ACVPR algorithm will calculate the minimum
and maximum length of each of the keyword of the search string. The SRV is determined
using the Longest Common Subsequence (LCS) and similarity matrix calculation using
collaborative filtering based machine learning model is discussed in detail within chapter7. The CRV is determined using Map and Reduce functions as discussed in section
5.2.3.1. The algorithm will remove all those websites from final output with Reply Time
Vector =0, Accessibility Vector =0, Privacy Vector =0. Moreover, search parameters
which do not satisfy various criteria of regression-based learning and hence
personalization like predictability, Fisher scoring, standard error, vif value, overdispersion and multi-collinearity as imposed by the machine learning model are also
required to be removed. The previous step is further followed by calculation of Feedback
Relevancy Vector (FRV) depending on the experience of the past user. In last, the rank of
a website is calculated by weighted summation of various relevancy vectors. The user
feedback about the ranking of listed sites in recent web searches is considered for altering
weight values for different vectors to incorporate recent changes in the user's
personalized preferences. The weights to be assigned to various relevance vectors lie
between 0 and 1 and are determined by long term and short term personalized preferences
of the user as retrieved from his or her profile, browsing or search query history, and
relevance feedback of the best match existing user of the system. The decision regarding
the exact value of weights to be assigned to various relevance vectors is based on the
prediction of user feedback for prospective web links and best match existing user of the
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system

as

determined

through

collaborative

filtering

and

regression-based

recommendation modules discussed in detail within chapter7. The detailed flowchart of
innovative ACVPR algorithm is shown in Fig. 5.3.

5.2.3.1. Map () and Reduce () Methods
Map method will accept a key as search engine ID for each retrieved web links cluster
from various background search engines and the second argument is weblog to tokenize
each of the entry of link entry in the weblog for counting frequency of each of the
keyword in the web search query. Insert () method is used to generate elements in the list
by inserting numeric one corresponding to each occurrence of a keyword as we token.
However, Reduce method is implemented to cumulate over all the occurrence of each
keyword as indicated by Map () function through the insertion of numeric 1(one) to
determine the frequency of the keyword in each of the web document. The map () and
reduce () methods assist in the calculation of the individual frequency of various
keywords of the disambiguated search query. The average frequency of different
keywords is used to determine the Content Relevancy Vectors (CRV). The weighted
contribution of CRV is used to determine the overall rank of a web page as discussed in
ACVPR algorithm within section 5.2.3.
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Map (SEngine_ID : Integer, Web_Log : String)
/* Web Log Cluster Processing */
{
List<String> TL: = Tokenize (Web_Log)

// TL- Token List

While (Web_Token in TL)
{
Insert ((String) KL, (Integer) 1)

// KL- Keyword List

}
}

Reduce (KL: String, count: List <Integer>)
// Frequency calculation
{
Integer Freq = 0
While(KL)
{

Freq = Freq + 1
}
Insert ((String) Web_Token, (Integer) Freq)
}
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Expand search query based on search information of best
match user

Websites retrieved
using backend
Search Engines

Implement web page relevancy dictionary by storing only
those words from candidate web page having a length
between MIN and MAX length of each keyword.

Assign web link ID to each of the retrieved websites.
Determine FRV [ID] of a website by crawling and
classifying online reviews into positive, negative reviews
relating to alternative sites.

User profile database
Determine content relevancy of web site i.e. CRV [ID]
using web dictionary & Map ( ), Reduce ( ) methods.

Profile of user with
best match user ID
retrieved in phase 1

User profile database

Websites retrieved
using backend
Search Engines

User profile database

Determine time spend relevancy, i.e.TRV[ID]of a website
using average time spent statistic by the user with best
match ID to current user with similar search keywords.
Determine similarity relevancy vector, i.e., SRV [ID] for
correct identification of customer navigation session using
LCS and similarity matrix between various users
Retrieve requirement for optional parameters, i.e., privacy
vector, i.e., PV [ID], response time vector, i.e., RTV [ID],
accessibility vector, i.e., AV [ID] in the form of weight on
the scale of 1 to 5
Determine rank of candidate website using relation:
Rank (website (ID)):= AV [ID]*((SRV [ID]* W1+CRV
[ID]*W2 + TRV [ID]*W3 + FRV [ID]*W4 +PV [ID]*W5+
RTV [ID]*W6
Determine feedback of shown ranked order of websites &
update user profile database for comparatively betterpersonalized results in future

Fig. 5.3 Flowchart of ACVPR algorithm
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5.3. INTELLIGENT META SEARCH SYSTEM (IMSS) TOOL
In order to check the personalized search effectiveness and efficiency of the pioneered
ACVPR algorithm, current research work discusses its implementation in the form of
Intelligent Meta Search System (IMSS). This tool is a machine learning enabled
metasearch engine which uses a Python interpreter on the server side for implementation
of the data analysis. The results of the analysis are processed using PHP, HTML 5, and
CSS 3 and finally displayed on a user browser. This tool is deployed on Google cloud
engine with Hadoop features enabled for computation of user similarity, rating based
recommendations. The tool uses a MySQL engine for search query management. This
system employs logistic regression and collaborative filtering based machine learning
techniques for personalized search recommendations by predicting feedback of a user
about prospective web link and by predicting the best match existing user of the system.
The system requires the user to sign up and answer a few questions only for the first time
within the Add Skills section for emotional and behavior analysis. By similarity score
calculation based on behavior analysis between various users, the IMSS system will
determine an existing best match user ID for a new user searching the web. The user
similarity is determined by using the concept of Euclidean distance. The detailed
information about best match along with similarity information will be shown to the user.
If the search query of a new user includes keywords of the search query of previous users
with best match ID or same profession type, then the system will recommend the search
queries sharing keywords made by the best match user to the current user. All web links
in the result presented to the user will allow the user to rate the rank and relevance of the
output web link. The rating provided by the user will be used to alter priority or rank of
the output link when a user is searching a query including keywords of previously
searched queries by other existing users of the system with a similar profile with
preference given to the best match user as recommended by the system. The system can
work in two modes, personalized search mode, and advanced search mode. The
advanced search mode let the user select search engines among Google, Bing, and Qwant
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to be used as background search engines for the implemented metasearch tool, i.e., IMSS.
Moreover, a user can also sort the output links in the order of page loading speed. These
features are not available within personalized search mode. The detailed description and
interface of the tool are shown in the subsections from 5.3.1 to 5.3.7.

5.3.1. IMSS Tool- Sign Up and Sign In
The user intended to perform a personalized search on the web needs to access the
Intelligent Meta Search System (IMSS) through the Sign In interface as shown in Fig.
5.4. The user needs to fill his or her contact details along with profession details during
Sign Up as shown in Fig. 5.5.

Fig. 5.4 Sign In interface of the IMSS tool
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Fig. 5.5 Sign up-User registration

5.3.2. Behavior Analysis
As soon as the user fills the registration form, he or she will be prompted to add skills for
behavior analysis. The user will be presented with a set of a few multiple choice
questions. The answers given by the user will be used to determine the similarity of the
current user with other existing users of the same profession already registered within the
tool. This analysis, in turn, helps to identify search recommendations through
collaborative filtering based machine learning technique. It may be noted that the user
will be prompted to add skills only for the first time during the sign-up process. However,
during sign in, questions are not repeatedly asked. The interface of the tool to add skills is
shown in Fig. 5.6.
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Fig. 5.6 Adding user skills

5.3.3. Personalized Search Mode and Tracking Recent Changes in the
User Preferences
The proposed and implemented IMSS tool can work within two search modes (i)
Personalized Search Mode (ii) Advanced Search Mode. The interface of personalized
search mode is comparatively more user-friendly than advanced search mode. The
interface allows the user to enter the search string. The personalized search mode will
automatically select all the three background search engines, i.e., Google, Qwant and
Bing for searching the query on the web. There are two types of buttons available beneath
search string box, i.e., Fast Forward and Search Recommendation. The Fast Forward
button will let the user to directly search using three-parent search engines without
providing any personalized search recommendations. However, Search Recommendation
button will provide search recommendations based on the search history of other users
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possessing the best match or similar profiles. Here, the priority or rank of the links is also
altered for ratings provided by the previous user. The user interfaces showing
personalized search recommendations and web page ranking are shown in Fig. 5.7 and
Fig. 5.8.

Fig. 5.7 Search recommendations in personalized search mode

Fig. 5.8. Web page ranking using IMSS tool
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The user search preferences are prone to change over some time. The deployed IMSS
tool can easily incorporate recent changes in personalized preferences of the users via
tracking user ratings for recent searches performed on the web. For instance, high rating 5
to some of the web links in the recent searches indicate current preference bend of the
user. The IMSS tool uses new preferences while re-ranking web pages to satisfy betterpersonalized search needs of the user rather than just following the first time created
profile of the user during sign up in the system. Thus, along with query disambiguation
and expansion using profile of the best match user, the implemented IMSS tool can also
keep track of new preferences by referring recent browsing history and rankings given to
the listed web links in last web search sessions. The changes in user preferences are
automatically incorporated to update the user profile and hence automatic determination
of new best match user of the system without requiring the explicit intervention of the
user unlike conventional personalized search systems discussed in the literature.

5.3.4. Advanced Search Mode
The advanced search mode allows the user to select one, two or all the three search
engines to be used by the deployed metasearch tool. Here, also a fast-forward button is
used to search on the web without providing personalized search recommendations.
However, the Search button will provide recommendations based on the previous search
performed by the best match or other similar profile users. The advanced search mode
allows the user to sort the results in the order of page loading speed. The user interface
within the advanced search mode is shown in Fig. 5.9 and Fig. 5.10.
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Fig. 5.9 Advanced search mode – search engine selection

Fig. 5.10 Page loading speed based web page ordering in advanced search mode

5.3.5. Machine Learning Statistics
The interface of the IMSS tool shows the accuracy of personalized search
recommendations. The tool implements a collaborative filtering based prediction. The
evaluation metrics displayed on the tool interface include information about Root Mean
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Squared Error (RMSE), Mean Absolute Error (MAE). The machine learning summary
provides information regarding the number of users in the system, number of questions,
accuracy matrix, prediction matrix, user similarity matrix, and best match user ID. The
detailed description of various evaluation metrics and matrices is discussed within the
chapter number 7. The accuracy metrics shown on the interface of the IMSS tool is
shown in Fig. 5.11.

5.3.6. Security-Personalized Privacy Protection
The personalized search systems provide information regarding search queries made by
other existing users of the system to the current user to improve or expand their search
queries. The user feels uncomfortable when someone else can explore the type of search
queries made by them. However, the IMSS tool protects the personal information of the
users from one another. The machine learning statistics on the interface of the IMSS tool
hides the user's personal information such as name, email ID, mobile number, etc. The
best match is existing user ID for the current user, and system generated ID is shown at
the bottom of the machine learning summary as shown in Fig. 5.11. The available
statistics displayed on the interface of the tool are useful for research purpose and to
easily track improvements in the machine learning capabilities of the system. However, at
the same time user's personalized information is kept secured and is not accessible to
other users of the system. Thus, unlike conventional personalized page ranking systems
as discussed in the literature, users do not get hesitant in providing personal information
and personalized search preferences while exploring web through deployed IMSS tool.
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Fig. 5.11 Machine learning statistics on IMSS interface

5.3.7. Page Ranking and User Rating
The output window of recommended metasearch tool shows web links and information
with headers priority or rank calculated using ratings provided by the previous user and
default rank offered by the search engine, Web Link with search engine stamp, GGoogle, B- Bing and Q- Qwant to show the search engine used to retrieve the web link.
The tool interface in Fig. 5.12 shows information regarding response time, security and
page loading speed. The feedback field allows the user to give the rating between 1 to 5
to depict the relevance of the web link to satisfy the personalized search needs of the
user. The developer console may be used to track the flow of execution as shown in Fig.
5.13. Further, the web link selection and page visit are illustrated in Fig. 5.14 and Fig.
5.15.
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Fig. 5.12 Page ranking and user rating

Fig. 5.13 Search results and developer console
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Fig. 5.14 Web link selection and page attributes listing

Fig. 5.15 Web page visit via IMSS tool
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5.3.8. Various Tables in IMSS
The deployed IMSS tool uses MySQL engine to maintain multiple tables. There are eight
different tables including Profession, Query, User, User_Query, User_Rating, Question,
Response, and Similarity Metrics. The detailed structural description and various record
instances within multiple tables of the IMSS tool are shown from Fig. 5.16 to Fig. 5.23.

Fig. 5.16 Tables in IMSS
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Fig. 5.17 Structural description about user table

Fig. 5.18 Structural description about similarity metrics table
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Fig. 5.19 Structural description about user_query table

Fig. 5.20 Structural description about user_rating table
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Fig. 5.21 Structural description about profession table

Fig. 5.22 Structural description about question table
128

Fig. 5.23 Structural description about response table

5.4. CHAPTER SUMMARY
This chapter discusses three phases of the deployed system design. Phase 1 addresses best
match prediction using logistic regression or collaborative filtering based machine
learning model. Phase 2 is about query disambiguation and is helpful when the user query
is incomplete or ambiguous. Phase 3 discusses website re-ranking process in detail using
ACVPR algorithm and flowchart. Moreover, map and reduce methods for keywords
frequency calculation to determine CRV is also elaborated. The interface of the IMSS
tool deployed to assess the effectiveness of the pioneered ACVPR algorithm is discussed
in detail with the help of various screenshots. At last, the chapter discusses the MYSQL
engine based database design and structural aspects of various relations used in the
deployment of IMSS tool.
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CHAPTER 6
PREDICTIVE ANALYTICS

6.1. INTRODUCTION
This chapter discusses the fundamentals of machine learning aspects employed in the
current research work. The pioneered Advanced Cluster Vector Page Ranking (ACVPR)
algorithm and Intelligent Meta Search System (IMSS) tool for web search personalization
employs machine learning techniques like logistic regression and collaborative filtering
using deployment platforms like R and Python in the present research work. These
machine learning techniques assist in finding the existing best match user within the
IMSS system. This information, in turn, is useful in predicting incomplete or erroneous
search queries by referring search history of the matching user as predicted by the
ACVPR algorithm. This chapter further discusses various features of the Python language
used to support machine learning framework implemented within current research work.
The details about logistic regression and collaborative filtering based machine learning
models and the calculation of various relevant evaluation metrics are discussed in chapter
7.

6.2. PYTHON FOR IMSS TOOL DEPLOYMENT
Python is a high level, object-oriented and scalable programing language. Python can
deliver both (i) Robustness similar to conventional compiled languages and, (ii) Ease of
use identical to interpreted and scripting languages. There are several reasons to use
Python to implement machine learning capabilities in the implementation of Intelligent
Meta Search System (IMSS) tool within current research work:
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Python can efficiently use Hadoop platform to code and implement map and
reduce functions to effectively and efficiently handle big data retrieved in terms of
a massive number of web links, web title, and summary by all three background
search engines, i.e., Google, Qwant and Bing. These vast data is returned for
analysis by the metasearch tool, i.e., IMSS within current research work



The mathematical and intelligent models such as clustering based collaborative
filtering model used to identify the best match existing User ID in the
implemented IMSS system for query disambiguation can be easily applied using
open source Scikit-Learn library well supported by Scipy and Numpy libraries
available in Python



Python‟s capability to easily connect with MySQL databases allow processing of
data in the tabular format with relative ease. The implementation of innovative
ACVPR algorithm and IMSS tool in the current research work requires various
databases to be maintained using MySQL and Python



Python provides excellent data analysis capabilities. It gives a quite powerful data
analysis package, i.e., Pandas which in turn reduces the time gap between the
starting and completion of processing by an analytics tool like IMSS within
current research work



Python provides the matplotlib library to quickly and effectively visualize data
and results. The experimental analysis of the current research work leads to the
generation of various plots using Python to find a user's correlation for search
query recommendation and behavior analysis for finding existing best match user
ID of IMSS tool
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6.3. LEVELS OF ANALYTICS
The analytics to process user‟s search data is an essential component of the proposed and
implemented the meta-search system. Here, in the current research work, predictive
analytics is deployed to personalize search results. The process of analytics may be
viewed to exhibit the following levels:


Level 1: Descriptive Analytics



Level 2: Diagnostic Analytics



Level 3: Predictive Analytics



Level 4: Prescriptive Analytics

Level 4: Prescriptive Analytics

Level 3: Predictive Analytics

Level 2: Diagnostic Analytics

Level 1: Descriptive Analytics

Fig. 6.1 Levels of analytics
6.3.1. Level 1- Descriptive Analytics
The various levels of analytics are shown in Fig. 6.1. The focus of descriptive analytics is
to describe “What has happened?” Any procedure or activity that may lead to the
conversion of raw facts or data into a meaningful and user interpretable form is termed as
descriptive analytics. For instance, statistics fall under this category as it employs various
mathematical functions like sum, count, mean, etc. to summarize data.
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6.3.2. Level 2- Diagnostic Analytics
The focus of diagnostic analytics is to describe “Why did it happen?” Any procedure or
activity that lead to drill down the root cause of observation is termed as diagnostic
analytics. For instance, data mining falls under this category as it employs various
techniques to determine the cause of an observation. There are multiple tools to
implement diagnostic analytics, for instance, Excel, Spot fire, etc.
6.3.3. Level 3- Predictive Analytics
The focus of predictive analytics is to describe “What will happen?” Any procedure or
activity that analyzes data to predict what will happen in the future is termed as
diagnostic analytics. For instance, machine learning falls under this category as it
employs various techniques to analyze the data and to predict the probable outcome in the
future. The quality of prediction is dependent on multiple factors including the quality of
the input data, and hence predictive analytics can't predict the future with 100% accuracy.
The deployed metasearch system, i.e., IMSS implements predictive analytics for the
following purposes:


Prediction of a best match User ID for search query expansion or disambiguation
using collaborative filtering based machine learning model



Prediction of response to various questions used for behavior analysis by
pioneered ACVPR algorithm and IMSS tool using collaborative filtering based
machine learning model



Prediction of feedback for a prospective web link listed corresponding to user‟s
search query and hence in predicting correct personalized rank of a specific web
link in the output of the implemented metasearch tool, i.e., IMSS using logistic
regression based machine learning model within current research work

6.3.4. Level 4- Prescriptive Analytics
The focus of prescriptive analytics is to ensure “How do you make the best will happen?”
Any procedure or activity that provides the optimized course of action for solving a given
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problem is termed as prescriptive analytics. For instance, deep learning falls under this
category as it monitors all performance oriented key metrics to ensure the best outcome.

6.4. MACHINE LEARNING
Machine learning is a field of computer science that deals with the development of
techniques and algorithms that possess the capability to learn from data and can make
predictions. The machine learning enabled system can improve their effectiveness and
efficiency in prediction over time and repeated usage.
Machine learning assist in determining a response variable from a dependent variable, for
instance, consider a linear regression model to represent a straight line,
Y = mX + C
Here, X is a dependent variable and Y is a response variable.

6.4.1. Types of Machine Learning
The present research work uses Supervised and Unsupervised Machine Learning
techniques for predictive analytics as depicted in Fig. 6.2 and discussed below:

6.4.1.1. Supervised Machine Learning
The overall goal of the machine learning algorithm is to learn the patterns from datasets
with a large set of input and the corresponding output. These datasets are prepared under
the supervision of a subject expert. Hence, learning here is termed as supervised learning.
The deployed metasearch system within current research work uses supervised machine
learning for the implementation of logistic regression based model to predict user
feedback about a prospective web link listed corresponding to the search query of the
user and hence assist in predicting correct rank of the web link to satisfy the personalized
search needs of the user. The details regarding generation, training, and testing of the
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supervised regression based machine learning model used by the pioneered IMSS tool is
discussed in section 7.3.1.
The supervised algorithm after learning the patterns from input dataset can map the realtime input into a corresponding class of events or outputs. The overall objective is to
derive the function:
Q = F (P)
Where P is the input vector and Q is the required output. The mathematical equation or
function is commonly referred to as a Model.

Machine Learning

Unsupervised
Machine Learning

Supervised
Machine Learning

Classification

Clustering

Regression

Fig. 6.2 Machine learning techniques
The supervised learning may be further categorized into two subtypes:
(i) Regression

(ii) Classification
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Anomaly Detection

(i) Regression
If the derived function, Q = F (P) has continuous output, for instance,
prediction of some car parking required for a new shopping mall or prediction
of sales by an E-Commerce website.

(ii) Classification
If the derived function, Q = F (P) has discrete output, i.e., the number of
classes that may be predicted can be two or sometimes more than two. For
instance, spam filtering by an email server, a mail may be classified into any
of the following two categories, i.e., Spam or Non-Spam. Similarly, listed web
link in the output of the IMSS tool is determined as relevant or not relevant
using classification based supervised learning.
The supervised learning process may be summarized via the following three steps:
(i) Training of Algorithm
The supervised algorithm will be provided with a massive number of input
datasets and their corresponding outputs. These datasets are prepared under
the supervision of a subject expert. The algorithm will learn the patterns from
the input dataset and express the same using a statistical function of the form,
Q = F (P). The derived function is commonly referred to as a model.
(ii) Testing of Model
The derived model will be validated by using a portion of input datasets that
were not used in the training phase. The effectiveness of the model in
predicting the correct class or output from a given input may be validated
using the same.

(iii) Prediction by the Model
The trained and tested model may now be used for the prediction of the
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outcomes on real-time datasets.
The current research work uses datasets feedback.csv for training, and testing
of deployed supervised model as discussed in chapter 7.

6.4.1.2. Unsupervised Machine Learning
In unsupervised learning, the corresponding output for a given input within the historical
datasets is unknown. The overall goal of an unsupervised algorithm is to study and learn
the exciting patterns within the input datasets. However, these algorithms do not require
any assistance of a subject expert and hence are termed as unsupervised. These
algorithms enable the machine to learn more complex problems as compared to
supervised learning.
Unsupervised learning may be further categorized into two subtypes:

(i) Clustering
The process of partitioning input datasets into subsets known as clusters
where items within one cluster are similar and are dissimilar from items
within other clusters. It may be noted that output classes or clusters in
unsupervised learning are not known in advance. For instance, a grouping of
customers in a retail store by their profile can be accomplished via clustering.

In the present research work, a popular technique, K means is used to find
clusters of similar users. Here, the objective is to assure high intra-cluster
similarity between various users of the implemented metasearch system and
low inter-cluster similarity between them. The user is required to answer a
few questions based on decision-making skills during the registration process.
The answers given by a specific user of a given profile is used to determine
similar users belonging to the same cluster. In the first step, the centroid score
is assumed for each cluster, and various users who are having centroid score
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near to the centroid are then assigned to the specific cluster. The centroid
score is then recalculated as mean or average of all the user scores assigned to
that particular cluster and then again various users are assigned to multiple
clusters. The process is repeated until the convergence of all clusters is
observed. The distance between centroid score and user score is expressed as
Euclidean distance and is calculated as shown in equation (1):

𝑛

(𝑋𝑖 − 𝑌𝑖 )2

𝑑=

…… (1)

𝑖=1

(ii) Anomaly Detection
It is commonly termed as outlier detection. It is used to identify observations
which do not conform to the usual behavior of items within a given dataset. It
has applicability in a large number of domains such as fraud detection etc.

Note: In the pioneered ACVPR algorithm and IMSS tool within the current
research work, unsupervised machine learning based on the clustering is
deployed to group various users of the metasearch tool by the similarity in
their behavior analysis and decision making skills as retrieved from their
profiles. The keywords within the search strings of similar users are used to
identify search recommendations for the new user. The similarity between
various users is calculated by using collaborative filtering based recommender
system. The detail of the collaborative filtering based recommender system is
included within the next section.
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6.5. RECOMMENDER SYSTEMS
Recommender systems are information filtering systems. They are used to predict user
preferences to satisfy the personalized user requirements. For instance, E-Commerce
companies like Amazon usually recommend products to the customer based on the recent
purchase or items within the cart of the customer. There are two types of Recommender
Systems:


Content-Based Filtering



Collaborative Filtering

The content filtering based recommender systems emphasize recommendations based on
a similar category of the items. For instance, if a user purchases one item from a specific
group, then another item from the same group will be recommended to the user. The idea
of content-based filtering is shown in Fig. 6.3.
The collaborative filtering based recommender systems focus on user-based similarity.
For instance, if a user likes or purchases some item, then another similar user will be
recommended a similar item. The idea of collaborative filtering is shown in Fig. 6.4.
There are two types of collaborative filtering techniques (http://www10.org/ [155]):


Memory-based collaborative filtering



Model-based collaborative filtering

The memory-based collaborative filtering is based on creating a ranked list of items
preferred by similar users. These items can be sorted and are to be shown to the similar
user.
The model-based collaborative filtering is established on matrix factorization.
In the present research work, memory-based collaborative filtering is deployed to
determine the ranked list of web links to be displayed to the new user of the pioneered
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IMSS tool. The database of the tool maintains the various rankings given by other similar
user and give preference to high ranked links by the previous user to display the
improved order of web page ranking.

Purchased Item

Similar Items

Recommended Item

Fig. 6.3 Content-based filtering

6.6. KNOWLEDGE DISCOVERY PROCESS
The process of retrieving information from data is often known as „Knowledge Discovery
Process‟ (KDP). This process comprises various steps as highlighted in Fig. 6.5. First of
all, data is collected through implicit or explicit ways. In the current research work, user
information during the signup process is gathered explicitly. However, on the other hand,
time spent by a user on a website to determine relevancy is implicit data collection and is
used to determine Time Relevancy Vector (TRV) used by innovative ACVPR algorithm
within current research work. Selection process means out of multiple columns of data;
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not every column is meaningful for knowledge discovery. Hence, suitable columns are
selected that can determine the response variable. For instance, here in the current
research work, recast regression based machine learning model is deployed by selectively
removing response time column as discussed in detail within section 7.3.1.

Items purchased by both users

Similar Users

Purchased by her

Recommend to him

Fig. 6.4 Collaborative filtering
The data will be put into the data frames using Pandas package of Python, and then the
correlation matrix may be calculated to assess the accuracy of the selection process. Here
in the present research work correlation matrix is calculated and plotted for various users
of the system to represent the relationship between actual and predicted responses for
different questions used for behavior analysis by the pioneered metasearch tool, i.e.,
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IMSS during the signup process. Preprocessing, refer to cleaning or determination of
missing data. Moreover, one can‟t perform machine learning on the textual data. The data
is first needed to be converted into the numbers as machine learning includes
mathematical equations that can accept and process numbers only.

Knowledge

Interpretation

Data Mining

Transformation

Preprocessing

Selection

Data

Fig. 6.5 Knowledge discovery process
Transformation means standardization or normalization of the data as there may be one
column. The data with a considerable variation may be represented into a limited number
of forms, e.g., in digital logic, a single value may describe a range of voltage, e.g., -3V to
-5 V is 0 while +3 V to +5 V is 1. The explicit steps of preprocessing and transformation
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are not required by the IMSS tool as feedback data collected from the user of the
deployed tool is already in numeric and normalized form
Data mining sub-step uses an algorithm to determine the response variable from the
dependent variable by calculating coefficients etc. Here, in the current research work, big
data analytics using Hadoop2 framework is deployed as the number of web links returned
and to be processed with real-time response requirement are quite huge. The three
background search engines, i.e., Google, Qwant, and Bing are used for searching and
returning a vast number of web links to metasearch tool, i.e., IMSS to improve the overall
recall metric of the deployed system.
In the interpretation step, various plots are drawn to learn the difference between actual
and predicted values to resolve errors like Mean Absolute Error, Root Mean Square
Error, etc. The error calculation is done within the interpretation and evaluation phase,
and finally, the low value of errors in prediction represent useful and significant
knowledge discovery. The current research work uses the matplot library of Python and R
statistical tool to plot Receiver Operating Characteristics (ROC) curves, diagnostic plots
and various plots to represent evaluation metrics of both types of deployed machine
learning models as discussed in detail within chapter7.

6.7. MACHINE LEARNING FRAMEWORK
The features provided by the Python to implement various steps of Knowledge Discovery
Process (KDP) as mentioned in section 6.6 are as follows:


Storage: Data is required to be stored in a structured or unstructured format



Reading: Data may be read into the data frames using Pandas package of the
Python



Selection: Response variable and dependent variables are required to be selected,
and independent variables will be ignored. There are two main methods to
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determine various types of variables, i.e. (i) Visual method using correlation
matrix (ii) Mathematical method using correlation coefficients such as the
Pearson correlation coefficient. It may be noted that correlation greater than +0.8
(Positive correlation or directly proportional)

and lesser than -0.8 (Negative

correlation or inversely proportional) is considered as significant


Preprocessing: To perform preprocessing on data, following methods may be
used (a) delna ( ) function of Python may be used to delete null values (b) fillna ( )
function of Python may be used to fill various null values using mean, median,
etc.



Conversion: The conversion of textual data into a numerical format to enable
machine learning model may be carried out using
(a) Python: Label Binarizer for conversion to a binary category
(b) Python: Label Encoding for manual conversion to more than two numerical
category
(c) Python: One Hot Encoding: It automatically creates a matrix with a large
number of 0's and 1's where the category is available and is usually good while
dealing with a large number of categories



Transformation: Perform the transformation on data to map large values into
small values to visualize them on the graphs easily. The sub-steps of
transformation are: (i) Standardization (ii) Normalization. There are various
functions available in the Python for calculation of both of these metrics via
Pandas object using which one can easily calculate standardization and
normalization. The syntax to use various Python functions for calculation of both
of these metrics as per their formulae is as follows:
Pmean = pd ['column name'].mean ()
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Standard Deviation = pd [„column name‟].std ()
Pmin = pd [„column name‟].min ()
Pmax = pd [„column name‟].max ()
Standardization = (P – Pmean) / Standard Deviation

Normalization = (P – Pmean) / (Pmax – Pmin)



Data Mining: The data mining algorithms may be deployed on the existing
frameworks, e.g., linear regression framework and the object lm can be
used to predict response variable Y from dependent variable X, while
performing mining operation, scipy library is used for variable equations
available in it. However, scipy require a mathematical library numpy to
convert these equations into polynomials



Interpretation/Evaluation: This phase may be implemented in various
formats, such as (a) Mathematical where one can calculate accuracy,
precision, recall, MAE, RMSE, etc. (b) Visual Interpretation, i.e., Graphs
by generating plots using the matplot library in Python

6.8. CHAPTER SUMMARY
This chapter discusses the basics of machine learning frameworks deployed within the
present research work. The detailed discussion about various forms of analytics,
recommender systems, types of machine learning is also included in this chapter. This
chapter further discusses the Knowledge Discovery Process (KDP) and multiple features
of Python language to support machine learning framework implemented within the
pioneered ACVPR algorithm and IMSS tool.
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CHAPTER 7
EXPERIMENTAL EVALUATION AND
GRAPHICAL ANALYSIS

7.1. INTRODUCTION
This chapter discusses the evaluation of the effectiveness and efficiency of the pioneered
Advanced Cluster Vector Page Ranking (ACVPR) algorithm and Intelligent Meta Search
System (IMSS) tool for web search personalization within current research work. The
implementation and comparison of two deployed machine learning models based on
logistic Regression and collaborative filtering and calculation of their corresponding
evaluation metrics are also discussed in detail. The chapter also discusses the comparison
of the pioneered approach with baselines, comparison of IMSS tool with popular
recommendation approaches and professional metasearch engines.

7.2. DATASETS
The current research work uses two types of datasets for experimental evaluation (i)
Google Zeitgeist (ii) Feedback.CSV. The source and relevance of used datasets are
discussed in detail as follows.

7.2.1. Google Zeitgeist or Google Trends 2017
In present research work, volunteers need to search for queries to compare the
personalized search precision of pioneered Intelligent Meta Search System (IMSS) tool
with popular search engines like Google, Qwant, Bing, and Dogpile. The Google
Zeitgeist is public and is the most widely accepted query set by the community. The
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Google Trends is published annually and is a repository of most popular search queries.
The Google Trends is chosen because of two reasons (i) The available queries are
searched by real users (ii) These are most popular queries, and hence the personalization
implemented by search engines like Google on these queries is most assured. Therefore,
the personalized search precision of the recommended approach by the current research
work can be easily compared with professional and popular search engines.
Table 7.1 shows the chosen top 10 and a total of 90 search queries of 9 different
categories as available on Google Trends for the calendar year 2017 in India for
experiments within current research work. The Google Trends from India is preferred
because of the familiarity of volunteers to judge the personalized precision of page
ranking of their favorite search category as shown in response by deployed IMSS tool
and professional search engines under consideration. Fig. 7.1 and Fig. 7.2 show top 5
search queries of each of the two sample categories of “How to...” and “What is...” on
Google Trends 2017 search query databases in India.
Table 7.1 Categories of search queries from Google Trends 2017 in India
S. No.

Category

Examples of Queries

Number of Queries

1

News

UP Election Results, CBSE Results

10

2

Sports

Indian Premier League, Pro Kabaddi

10

3

Movies

Dangal, Munna Michael

10

4

Songs

Raabta, Hawa Hawa

10

5

Entertainers

Sunil Grover, Arshi Khan

10

6

Near Me

Coffee Shops Near Me, Post Offices

10

Near Me
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7

What Is

What is Bitcoin, What is Jallikattu

10

8

How To

How to buy Bitcoin, How to book Jio

10

Phone
9

Overall

Bahubali 2, Live Cricket Score

10

Fig 7.1 Top search queries in the category of “How to” on Google Trends
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Fig 7.2 Top search queries in the category of “What is” on Google Trends

7.2.2. Feedback.CSV
In order to predict the personalized preferences of the user, one of the machine learning
models deployed by the current research work is based on logistic regression and require
user‟s feedback.csv file to get evaluated and implemented using R statistical tool. The
feedback.csv file is generated by the help of volunteers as discussed in section 7.6.2. The
.csv format file consists of the real search data of 110 volunteers with a total of 270
observations as volunteers were asked to choose at least two search queries of different
categories from Google Trends 2017 database as shown in table 7.1. These datasets of
110 volunteers are then replicated by the help of a Java replication program to generate
three files of 989 MB, 1.5 GB, and 2.24 GB to test for Hadoop2 based analytics
capabilities. The replicated data is made from the real datasets of human volunteers used
for experimental study as personalized search precision should be evaluated from real
search datasets and should be judged by humans. The replicated real-time datasets are
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used due to two main reasons (i) professional search engines does not provide actual user
browsing history data due to their security policies. (ii) To check capabilities for big data
analytics by the implemented tool, a large volume of datasets is required, which is
generated using a replication program. However, there is no deviation between real
search datasets and synthesized/replicated datasets used within current research work
except for the volume. The feedback.csv consists of information regarding user_id,
profession_id, query_id, query_title, result_id, result_title, result_link, and various
binomial rating columns with two possible values as discussed below (Malhotra & Rishi,
2018b):


Feedback represents the relevancy response by the user for the previous web link in
his browsing history and can take either of two values, i.e., Yes or No



Loading represents the web page loading experience of the user and can take either
of two values, i.e., Good or Bad



Response represents the response time experience of the user and can take either of
two values, i.e., Good or Bad



Security represents the security protocol feature provided by the candidate web page
and can take either of two values, i.e., Yes or No



Personalized represents the usage of the feature, i.e., personalized expansion of the
query by the user as available on the tool interface and can take either of two
values, i.e., Yes or No

7.3. MACHINE LEARNING MODELS
Machine learning capabilities are required to predict the best matching user ID with
similar web search tastes to the current user of the IMSS system. The matching user ID
and his or her search history assist to correctly expand or suggest personalized search
queries to the current user by suggesting the queries sharing the keywords as searched by
the matching user. The present research work employs two types of machine learning
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models (i) Logistic regression (ii) Collaborative filtering to impart machine learning
capabilities. The machine learning performance of the recommended models is evaluated
by various relevant metrics, for instance, the logistic regression model is evaluated using
accuracy, specificity, sensitivity, precision, and recall metrics while collaborative
filtering model is evaluated using MAE, RMSE metrics. These statistics, in turn, assists
in the accurate evaluation of the web search personalization capabilities of the IMSS
system. These two machine learning models are discussed in detail as follows.

7.3.1. Machine Learning Using Logistic Regression
To predict the preference of a user for a specific web page, we have developed here a
machine learning model based on logistic regression. Here, the response variable to be
predicted is feedback representing the relevancy of listed web link in the output of the
metasearch tool or a search engine for the user. The data is required to be in the .csv
format as necessitated by R statistical tool (Malhotra & Rishi, 2018b). The Intelligent
Meta Search System (IMSS) provide search recommendations to the new user based on
feedback given by the previous users, predicted as best match users by the machine
learning model as shown in Fig. 7.3.
As the response variable, i.e., feedback is binomial, so family = binomial (link = "logit”)
will be used while creating the personalized search model within current research work.
This syntax can be easily understood in mathematical terms as shown in equation (1) and
(2):
ln (odds ratio) = ln [P / (1- P))]

………..(1)

Where, P = Probability of success or probability of response, i.e., Feedback = Yes
Logit (P) =ln [P( Feedback = Yes) / P (Feedback = No)] = C0 + C1 x Loading + C2
x Response + C3 x Security + C4 x Personalized
……………….(2)
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Fig. 7.3 Search suggestions by IMSS tool
To improve the prediction accuracy of the response variable, i.e., feedback by predicting
the natural logarithm of the odds ratio, the probability of accurately predicting the
feedback response of the web user in the deployed model may be calculated as shown in
mathematical equation (3):
Probability of true feedback = predicted odds ratio / (1+ predicted odds ratio) ….(3)

7.3.1.1. Steps for Generating Model


Reading feedback.txt file to retrieve search data



Model generation using various search parameters



Plotting diagnostic curves for the generated model



Recasting model by removing non-significant search parameter



Deviance calculation between original and recast model



Testing for multicollinearity and over-dispersion to determine the accuracy of
prediction



Plotting diagnostic curves for recast model
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The detailed description of the various steps is discussed below.
Reading feedback.txt file
In order to generate a logistic regression based machine learning model for predicting
web user personalized search preferences and hence feedback for a specific web link,
there is a need to consider his or her previous search and corresponding feedback data to
determine latest preferences of the user. This feedback data is maintained in a text file
within the .csv format. The feedback file can be read using read.csv() function as
discussed below:
feedback_data <- read.csv ("D://DheerajUOK//machinelearning//feedback.txt", header =
TRUE, sep = ",")

As shown above, read.csv () function accepts three parameters, i.e.,(i) path of the file
containing user feedback data about previous searches on the tool, (ii) header
information, i.e. whether header or column captions are there in the feedback file and (iii)
separator information, which is comma in the case of.csv file. The feedback.txt
information is stored within feedback_data, and that can be summarized to show
consolidated details on various columns within the feedback file.
Model generation using various search parameters
In order to generate the regression model for feedback prediction of prospective web link,
glm () function in R (Malhotra & Rishi, 2018b) with the following syntax is used and is
also shown in Fig. 7.4.
feedback_model = glm (feedback ~ loading + response + security + personalized, data =
feedback_data, family = binomial (link = "logit") summary (feedback_model)

153

The summary of the generated model is also shown in table 7.2, and table 7.3 represents
information regarding reference value taken for each parameter, estimated contribution,
standard error, and Pr, i.e., predictability value calculated using glm() function. Here, the
first argument of glm() function is a response variable, i.e., feedback and is required to be
predicted concerning the remaining parameters, i.e., loading, response, security and
personalized. These variables are so chosen for feedback prediction as they are most
important to determine the overall search experience of the user (Malhotra & Rishi,
2018b). If a user, search for a query and the web pages are ranked based on the
personalized preferences of the user, and hence there is a high probability of positive
feedback for a web page. However, just personalized ranking is not enough, if attributes
like rapid page loading, less response time, secure browsing are missing, then there are
high chances that user might not be able to give feedback as he might even not able to
open the web page for browsing. The binomial regression model is derived from
feedback.csv datasets obtained from the volunteers through real-time search.

Moreover, the interface of the IMSS tool is designed in such a way that volunteers can
quickly determine various attributes like page loading speed, response time and security
without requiring visiting the web page listed in the output for his or her recent search
query as statistics are available on the interface of the tool. The estimated contribution,
Std. Error and Z values are shown in table 1. If Pr > 0.05 for a specific parameter then
the particular parameter is not considered as significant for deriving the regression model,
for instance, as shown in table 7.2, the response variable is having Pr= 0.755470. Hence
the response variable is not significant and may be removed by recasting the model.

Further, information regarding null deviance, residual deviance, and Fisher Scoring
iterations is also available within the summary of the model. A small value of Residual
deviance as compared to Null deviance shows a good model. Moreover, a Fisher scoring
of fewer than eight iterations, here it is four iterations also strengthens the fact that
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proposed and deployed model is a useful model (Malhotra & Rishi, 2018b) and can
efficiently and correctly predict the dependence of user's feedback value over other
search parameters such as response time, page loading speed, security, and personalized
relevancy.

Fig. 7.4 Generalized linear model generation for IMSS tool
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Table 7.2 Statistics of various search parameters as calculated by the generalized linear
model
Search
Parameter

Reference
Value

Estimate

Std.
Error

Z Value

Predictability
Value

Page Loading

Good

-0.8136

0.2781

-2.925

0.003441

Response
Time

Good

-0.0823

0.2643

-0.311

0.755470

Security

Yes

-1.2205

0.2784

-4.383

1.17e-05

Personalized
Query

Yes

1.0193

0.2714

3.755

0.000173

Table 7.3 Model deviance statistics
Null Deviance

373.93

Residual Deviance

331.17

Degrees of Freedom

269 (null deviance) and
265 (residual deviance)

Fisher scoring Iterations

4

Plotting Diagnostic curves for the generated model
There are four diagnostic curves plotted for the generated model, feedback_model as
shown from Fig. 7.5 to Fig. 7.8 (Malhotra & Rishi, 2018b). The detailed interpretation of
various diagnostic plots is being discussed in this chapter after recasting feedback_model
and while plotting diagnostic curves in fig. 7.9 to 7.12 for recast feedback_model2.
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Fig. 7.5 Feedback_Model diagnostic plot- Residuals vs. Fitted

Fig.7.6 Feedback _Model diagnostic plot- Normal Q-Q
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Fig.7.7 Feedback_Model diagnostic plot- Scale-Location

Fig. 7.8 Feedback_Model diagnostic plot- Residuals vs. Leverage
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Recasting model by removing non-significant search parameter
As evident from the summary and diagnostic curves, the generated model may be further
improved by recasting. The recast model may be generated by eliminating search
parameters having P value more than 0.05, i.e., after removal of the response parameter.
The command to generate new feedback_model2 without response parameter is as follows
(Malhotra & Rishi, 2018b):
feedback_model2 = glm (feedback ~ loading + security + personalized, data =
feedback_data, family = binomial (link = "logit")
summary (feedback_model2)

After recasting the model, statistics generated for various parameters are shown in table
7.4 and table 7.5:

Table 7.4 Statistics of various search parameters for recast generalized linear model
Search
Parameter

Reference
Value

Estimate

Std. Error

Z Value

Predictability
Value

Page
Loading

Good

-0.08146

0.2779

-2.931

0.003383

Security

Yes

-1.2214

0.2783

-4.389

1.14e-05

Personalized
Query

Yes

1.0205

0.2712

3.762

0.000168
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Table 7.5 Model deviance statistics for recast model
Null Deviance

373.93

Residual Deviance

331.26

Degrees of Freedom

269 (null deviance) and 266
(residual deviance)

Fisher scoring Iterations

4

Deviance calculation between original and recast model
The deviance between original and recast model can be calculated using anova () function
as shown below:
anova (feedback_model,feedback_model2, "PChiSq")

The first two arguments of anova () will be two generalized models to be compared using
PChisq test. The difference between the degrees of freedom for both the models is one
while calculating residual deviance. The deviance difference calculated is -0.096992. The
small deviance difference between two models represents a low impact of the response
parameter on the generalized linear model.
Testing for multicollinearity and overdispersion
In order to check whether the generated model suffers from multicollinearity or
overdispersion, there is need to install the DAAG library in R studio. However, to check
multicollinearity in the recast model, the vif() function is used with feedback_model as an
argument. The statistics for various search parameters obtained using vif is given in table
7.6.
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Table 7.6 Vif value for various search parameters
Search Parameter

Vif value

Loading

1.0986

Security

1.0924

Personalized

1.0063

The vif stands for Variance Inflation Factor. As shown above, the vif value for various
search parameters is less than 5. Hence, the model is not suffering from multicollinearity.
The command to calculate and test for over-dispersion for recast personalized search
model is
overdisp_indicator <- feedback_model2$residuals / feedback_model2$df.residual

As calculated in R, over-dispersion indicator value is less than 0.5, hence implemented
regression model in the present research work is not suffering from over-dispersion. So the
generated model can accurately predict the user's personalized preferences while searching
the web.
Plotting Diagnostic Curves for recast feedback_model2
Diagnostic plots after recasting feedback_model to feedback_model2 to show and
compare residuals in four different ways are plotted as shown in Fig. 7.9 to Fig. 7.12. The
four diagnostic curves are as follows:
(i) Residuals vs. Fitted values plot
(ii) Normal QQ Plot- Standard Residuals vs. Theoretical Quantities
(iii) Scale –Location plot-Standard Residuals vs. Fitted Values
(iv) Standard Residuals vs. Leverage Plot
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The first plot, i.e., Residuals vs. Fitted values shows a non-linear relationship between
response and predictor variables. The points lying at the fit line, i.e., dotted line at y=0
represent zero residuals while the points lying above the fit line represent positive
residuals and below the fit line represent negative residuals. The smooth red non-linear
curve represents an excellent fitted model for both feedback_model and feedback_model2.
The second plot, i.e., QQ plot shows whether residuals follow a linear normal distribution
or not. The points are shown as firmly placed near the dotted line in both cases. Hence
both feedback_model and feedback_model2 passes normal distribution test.
The third plot, i.e., Scale Location plot is also sometimes referred to as Spread Location
plot as it represents a pattern of spreading points across the range of predicted values. The
ideal scale- location curve is horizontal and represents Homoscedasticity, i.e., a uniform
variation of points across the expected range. However, in the present case, the curve for
intermediate points is Homoscedastic and for initial and final points is Heteroscedastic in
nature. This red curve represents that the deployed machine learning model will work well
for the standard number of search predictors and not with a very small or large number of
predictor variables and the same is true for data observations of generated models, i.e.,
feedback_ model and feedback_model2.
The fourth plot, i.e., Residuals vs. Leverage assists in finding those observations that can
potentially determine a regression line. There are a majority of observations that may be
included or excluded without affecting the result of the analysis. However, a few
observations can hugely impact the regression line and can change the outcome of the
analysis. Whenever observations have a high value of Cook's distance scores, they can
easily influence the result of the analysis. The points shown near the y=0 line represent
all those feedback data observations having the high value of Cook's distance scores and
hence cannot be excluded from the data used for regression analysis.
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Fig 7.9 Feedback_Model2 diagnostic plot- Residuals vs. Fitted

Fig 7.10 Feedback _Model2 diagnostic plot- Normal Q-Q
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Fig 7.11 Feedback_Model2 diagnostic plot- Scale-Location

Fig 7.12 Feedback_Model2 diagnostic plot- Residuals vs. Leverage
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7.3.1.2. Training and Testing of Model
In order to evaluate the effectiveness of the deployed machine learning model, data sets
within the feedback.txt file are subdivided into training and testing data using various
commands in R studio as discussed below:
feedback_data_partition <- createDataPartition ( feedback_data$feedback, p=0.80, list = false )
feedback_training _data <- feedback_data[ feedback_data_partition, ]
feedback_testing _data <- feedback_data[ -feedback_data_partition, ]

Here user-specific previous search feedback data initially provided within feedback.csv is
divided into two parts, i.e., feedback_training_data consisting of 80 % (0.80)
observations, while feedback_testing_data consists of rest 20% observations. The
randomly generated subsets of the data may also be used as training dataset and testing
dataset for accurate evaluation of the generalized linear model. After creating the data
partition, the summarized details can be verified to check the random distribution of
records within training and testing data supported by the fact that the serial number of
various observations included within training data is not same as that of testing data.
Moreover the observations used within testing data are not sequentially picked from total
observations; instead, randomly chosen observations are included. Furthermore,
summarized details also verify the data partition with the 80-20 ratio, i.e., out of initial
270 observations taken from 110 volunteers, 216 observations are contained within the
training data, and the remaining 54 observations are included within testing data. The
similar procedure was used for testing and training of the model using replicated big data.
The procedure and reason to replicate data are discussed in detail within section 7.2.2.
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Training the Model
In the next step, a generalized linear model will be generated using feedback_training
_data via glm () function in a similar way as described earlier while casting and recasting
feedback_model and feedback_model2. Here, null deviance of the generated model with
training data is 299.717 with 216-1= 215 degrees of freedom, while residual deviance is
258.152 with 216-1-4 = 211 degrees of freedom as the model calculates residual deviance
by subtracting the number of search parameters. Moreover, Fisher scoring iterations of
the training data model are 7. As evident from fisher scoring and deviation statistics,
model is likely to predict accurately the feedback of prospective web link by the specific
web user to successfully implement a personalized search system. Here the training phase
is over. However, further analysis is required to verify the predictions of the generated
model by using the remaining 20% of the test data.
Testing the Model using Confusion Matrix
The procedure used for testing the model may be step by step summarized as follows:
 Use the feedback_model to predict the response variable for all observations within
the test data.
 The predicted response variable was compared with the actual values of the
response variables stored within the test data.


After comparison, a confusion matrix was generated to determine False Negatives

(FN), True Positives (TP), False Positives (FP) and True Negatives (TN). The objective
of a confusion matrix is to demonstrate how many times the response variable, i.e.,
feedback is correctly predicted as Yes or No. Here False Negatives stand for observations
in the test data that were predicted as negative (0) but were positives (1). The True
Positives stand for observations in the test data that were predicted as positive (1) and
were positive (1). The False Positives stand for observations within test data that were
predicted as positive (1) but were negative (0) while True Negatives stand for
observations within test data that were predicted as negative (0) and were negative (0).
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The accurate model will generate more True Positives and more True Negatives and
negligible False Positives and False Negatives to verify its effectiveness in predicting
accuracy. The confusion matrix for testing data, i.e., feedback_testing_data is shown in
table 7.7. The confusion matrix represents the actual values of the feedback variable
concerning the predicted value of the feedback variable by the machine learning model.
As shown, the number of Correct Yes, i.e., True Positives and Correct No, i.e., True
Negatives are much higher than the Incorrect Yes, i.e., False Positives and Incorrect No,
i.e., False Negatives. Hence the model generated is a useful and accurate model. There
was a total of 49 observations (TN-20 + TP-29) being correctly predicted, and only five
observations were wrongly predicted (FN-2 + FP-3) out of total 54 observations in test
data, i.e., feedback_testing_data.
Table 7.7 Confusion matrix
ACTUAL YES

ACTUAL NO

PREDICTED YES

29 (TP)

3 (FP)

PREDICTED NO

2 (FN)

20 (TN)

7.3.2. Result Analysis
In order to analyze the effectiveness of logistic regression based machine learning model,
various evaluation metrics are calculated, and Receiver Operating Characteristic (ROC)
curves are plotted as discussed in subsections 7.3.3.1 and 7.3.3.2.

7.3.2.1. Evaluation Metrics
In order to determine the prediction accuracy of the generated model, the following
metrics were evaluated:
 Accuracy
 Specificity
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 Sensitivity
 Precision
 Recall
The mathematical expressions or formulas used to calculate all of the above evaluation
metrics are shown here in equation (4), (5), (6) and (7)
Accuracy = (TP + TN) / Total Observations …….. (4)
Specificity = True Negative Rate = TN / (FP + TN) ……. (5)
Sensitivity = Recall = True Positive Rate = TP / (FN + TP) = TP / (All positives) …. (6)
Precision = TP / (FP + TP) ……. (7)

These metrics can be evaluated for confusion matrix shown in table 7.7:
Here, TP = 29, TN =20, FN =2 and FP =3

Therefore, using equation (4), (5), (6) and (7)
Accuracy = (29 + 20) / 54 = 0.9074 = 90.74%
Specificity = 20 / (3+20) = 0.8695 = 86.95%
Sensitivity = Recall = TPR = 29 / (2+ 29) = 0.9354 = 93.54%
Precision = 29 / (3 +29) = 0.9062 = 90.62%

As shown above, high values of accuracy, specificity, sensitivity, precision, and recall
metrics proved the prediction accuracy of the pioneered Advanced Cluster Vector Page
Ranking (ACVPR) algorithm and Intelligent Meta Search System (IMSS) tool.
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7.3.2.2. ROC Curves
To further analyze the effectiveness of deployed regression model, performance ()
function of ROCR package may be used to obtain True Positive Rate (TPR) and False
Positive Rate (FPR), i.e, TPR = TP / (FN + TP) = TP / (All Positives), FPR = FP / (FP +
TN) = FP / (All Negatives) and plot TPR against FPR to obtain Receiver Operating
Characteristic, i.e. ROC curve. The TPR statistic represents many positives which were
correctly predicted by the IMSS tool, i.e., positive feedback for a prospective web page
suggested by the machine learning model to adapt to personalized requirements of the
specific web user and was accepted as relevant by the user. This prediction is further
supported by the web user when in his or her feedback; web page was marked as
relevant. On the other side, FPR represents those positive predictions that were not finally
marked as relevant by the user. The ROC curve in Fig. 7.13 represents that TPR is
improving rapidly compared to FPR. This observation proves the capabilities of the
implemented IMSS tool regarding correct prediction of relevant web links for the user.

The specificity represents a true negative rate which means all those negative predictions
by the machine learning model regarding a specific web link returned by the background
search engine that was also marked as non-relevant by the user. On the other hand,
sensitivity represents the true positive rate, i.e., high values of both sensitivity and
specificity metrics support the accurate prediction by proposed and implemented ACVPR
algorithm and IMSS tool. The ROC curve in Fig. 7.14 indicates that sensitivity falls with
an increase in specificity. This curve is again supporting the accurate web page prediction
by the deployed model and tool. Moreover, both sensitivity and specificity cannot
simultaneously be dominant because of the binomial nature of the response variable, i.e.,
feedback, as, either a suggested web link by the deployed model is marked as
relevant/positive (1) or non-relevant/ negative (0) by the web user in his or her feedback.
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In web search domain, precision metric represent relevance of returned web links in the
output while recall represents the comprehensiveness of the search result. For instance, a
web search tool returns ten relevant web links out of a total of 50 links in its output.
However, it misses to return any of the remaining 60 more relevant web links then the
precision of the search tool is 10/50 = 1/5. However, the recall of the search tool is 10 /
(10+60) = 1/7. Fig. 7.15 represents a plot between precision and recall for the IMSS tool.
Here, precision is initially constant; however at larger values of recall, precision starts
falling. The plotted relationship represents that when the total number of relevant links
returned by background search engines is less; IMSS tool can quickly identify the
relevant links and can correctly predict their ranking. This low value of precision can be
sorted by identifying and incorporating more personalized search parameters to maintain
a good contrast between various web links and hence to quickly decide the ranking order
among relevant web links returned by the background search engines to the IMSS tool.

Fig 7.13 TPR vs. FPR for the deployed regression model
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Fig 7.14 Sensitivity vs. specificity for the deployed regression model

Fig 7.15 Precision vs. recall for the deployed regression model
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7.3.3. Collaborative Filtering Model
To further analyze and improve the web search personalization and learning capabilities
of the pioneered ACVPR algorithm and IMSS system. An alternative machine learning
model is developed to predict the best match existing User ID of the system. The
collaborative filtering model is responsible to suitably expand or disambiguate the search
queries by referring search history of the similar user and suggesting queries with sharing
keywords made by the best match user by assuming that the users who exhibit proximity
by behavior analysis will like to prefer similar web link ranking order. The collaborative
filtering based machine learning model is also used in the current research work to
predict the user response about the answer of multiple questions for behavior analysis
during the registration phase of the deployed IMSS tool. The implementation of the
collaborative filtering model is based on user similarity calculation using web triplets and
is discussed as follows:

7.3.3.1. User Similarity and Web Triplet
In order to calculate the user similarity matrices and hence to determine the best match
user ID, the answers given by the user within the Add Skills tab during the signup process
of deployed metasearch tool are analyzed. Moreover, the web search history of existing
users is required to be examined to know the time spend statistic and nature of queries to
determine the latest user interests. The web triplet plays a crucial role in deciding user
interests and hence assists in the calculation of user similarity matrix. The web triplet
consists of:


Title



URL



Summary
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A screenshot in Fig. 7.16 shows two web triplets corresponding to a search query. The
title portion is highlighted in blue color, after then, URL in green color and finally
summary within black color.

Fig. 7.16 Web triplets for a search query

7.3.3.2 Common Subsequence Identification
A common subsequence is a group of keywords that frequently co-occur within web
triplets. A common subsequence represents personalized user interests. The common
subsequences are retrieved from the web triplets. The web triplets are finally stored in the
form of subsequences. However, only those subsequences having frequency more than
the user-specified threshold frequency are saved in the database of the IMSS tool. The
best match is determined by calculating two types of match similarities:


Coexistence Match (CMS)



Nesting Match (CPS)

If a group of two or more words co-occurs in different web triplets within web search
results, then there is strong possibility to have the domain based similarity relationship
between such subsequences and is commonly termed as coexistence match (Bibi et al.,
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2014). In order to calculate the coexistence similarity between the two subsequences, S i
and Sj, there is a need to check the frequency of co-occurrence within the title or
summary or both against the user specified frequency threshold.
In order to calculate the Coexistence Match Similarity (CMS) within the title and
summary, the following relationship is considered and is also shown in equation (8):

CMS = SS / log x

…….. (8)

Where SS is Subsequence Similarity in x number of web triplets. The SS is calculated as
shown in equation (9):
SS = log (f (Si U Sj) / f (Si). f (Sj)

…….. (9)

Where f (Si U Sj) is combined triplet frequency of subsequences Si and Sj in web triplets
f (Si), f (Sj) are frequencies of subsequences Si and Sj respectively in web triplets
The CMS is required to satisfy the user-specified threshold to consider the web triplet in
best match calculation.
The nesting match is based on the fact that subsequences Si and Sj occur in such a way
that whenever Si occur then Sj must happen. However, the occurrence of Sj without Si is
also observed on an individual basis. The nesting match similarity calculation is based on
conditional probability based match calculation and hence is also referred here as
Conditional Probability Similarity (CPS) and is shown here in equation (10).
CPS = P (Si / Sj)
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……. (10)

Where P (Si / Sj) refers to the conditional probability of Si given Sj.
The CPS like CMS is also required to satisfy the user-specified threshold to consider the
web triplet in best match calculation.

7.4. EVALUATION METRICS- COLLABORATIVE FILTERING
MODEL
In order to evaluate the effectiveness of machine learning model generated through
collaborative filtering, the following evaluation metrics are considered and calculated as
shown in Fig. 7.17


Pearson Correlation Coefficient



Mean Absolute Error (MAE)



Root Mean Squared Error (RMSE)



Euclidean Distance

Fig. 7.17 Evaluation metrics for collaborative filtering model
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7.4.1 Pearson Correlation Coefficient
In order to identify the best existing match of a user and hence to suitably expand the
search queries for the current user by the proposed and implemented IMSS tool, the
concept of Pearson correlation coefficient is used in the current research work. The
Pearson correlation coefficient tells about the relationship between two variables and is
used to describe the linear relationship between two variables. It varies between -1 to +1.
The correlation coefficient of +1 represents a robust positive relationship or a directly
proportional relationship, i.e., if one variable increased then another variable also
increases. The correlation coefficient of -1 depicts a robust negative relationship or
inversely proportional relationship, i.e., if one variable increase then another one
decreases or vice versa. The correlation coefficient equals to 0 represent no correlation
between the two variables.
The Pearson correlation coefficient is calculated using the equation (11).

𝑟𝑋𝑌 =

𝑛
(𝑋
𝑖=1 𝑖

−𝑋)( 𝑌𝑖 −𝑌)

𝑛
2
𝑖=1(𝑋𝑖 − 𝑋)

𝑛
2
𝑖=1( 𝑌𝑖 −𝑌 )

………. (11)

The formula shown in equation (11) is calculated as the ratio of covariance with the
product of the standard deviation of the two variables, i.e., X and Y.

In the present research work, the Pearson correlation coefficient is used to find the
correlation matrix. The correlation function of Python uses Pearson correlation
coefficient to determine the relationship between actual and predicted values of answers
corresponding to various questions asked for behavior analysis during registration/signup
step while using IMSS tool for the first time to Add Skills. The behavior analysis through
the answers given by the user assists in predicting the existing best match user of the
IMSS tool for the current user.
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The strong correlation between two variables is represented by dark red color and weak
correlation between the two variables is represented by the dark blue color on the scale
from +1.0 to -1.0 as shown in Fig. 7.18 and Fig. 7.20 for user1 and user2 of the IMSS
tool. The correlation here represent the relation between actual answers given by the user
and predicted responses by the system. Fig. 7.19 shows the line graph to demonstrate the
prediction capabilities of the IMSS tool. The red line shows the predicted value of the
answer for user 1 by the tool and green line represent the actual answer given by user1.
The proximity between the red and green line represents powerful prediction capabilities
of the system.

Fig. 7.18 Correlation analysis- User1
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Fig. 7.19 Prediction graph- User1
As shown above, there is a strong correlation between the actual and predicted value of
answers for the user1and hence is shown with red color. However, there is no correlation
between questions and values. So, the same is indicated by a dark blue color to represent
the least correlation for user1 and user2.

Fig. 7.20 Correlation analysis- User2
178

Fig. 7.21 Best match- User similarity graph
The above-shown graph compares the similarity of user2 and user3 concerning user4.
The comparison is being made using a correlation statistic between various users. The
graph clearly shows the best match for user4 is user2.

7.4.2 Mean Absolute Error (MAE)
Mean Absolute Error refers to the mean of the absolute value of errors in prediction. In
the current research work, MAE is calculated while predicting answers for questions used
for behavior analysis, i.e., a Predicted value of response – Actual value of the response.
The MAE is computed using the equation (12):
1

𝑛
𝑖=1

𝑀𝐴𝐸 = 𝑛

𝑦𝑖 − 𝑦

……… (12)

7.4.3 Root Mean Squared Error (RMSE)
RMSE is the square root of the mean of the squared errors calculated as the difference
between predicted and the actual values of answers. It is calculated using equation (13):
𝑅𝑀𝑆𝐸 =

1

𝑛

𝑛

𝑖=1
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(𝑦𝑖 − 𝑦)2 ………. (13)

7.4.4 Comparison between MAE and RMSE
RMSE is more appropriate to highlight large errors as it involves square calculation.
However, if the small or large error, that is, the magnitude of the difference between
actual and predicted value is immaterial, then MAE is more appropriate. Moreover, it is
easy to interpret the MAE.

7.4.5 MAE and RMSE of the Pioneered ACVPR Algorithm
The MAE and RMSE both found to be low while finding search recommendations using
implementation of the ACVPR algorithm, that is, IMSS tool. Moreover, it is realized that
both MAE and RMSE further decreases with the increase in the number of search queries
and an increase in the number of users. Fig. 7.22 shows MAE, RMSE retrieval on the
interface of the implemented tool.

Fig. 7.22 MAE, RMSE calculation for the search query "IMSS"
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7.4.6 Euclidean Distance
In the present research work, K means clustering is employed to implement unsupervised
machine learning. K means uses Euclidean distance to find the distance between the
centroid and various other data points to determine the appropriate cluster of users with
similar tastes. The objective is to achieve high intracluster similarity and low value of
inter-cluster similarity. The Euclidean Distance is used to calculate user similarity matrix
to calculate the magnitude of similarity between various users of the system and hence to
ascertain the web links for achieving personalization via deployed IMSS tool. The user
similarity matrices are estimated and are shown in the machine learning screenshots in
the next section. The Euclidean distance is calculated as shown in equation (14):

𝑑=

𝑛

(𝑋𝑖 − 𝑌𝑖 )2 ……… (14)

𝑖=1

7.5 MACHINE LEARNING SUMMARY
Here, machine learning capabilities of the pioneered ACVPR algorithm and IMSS tool is
evaluated and is listed within screenshots from Fig. 7.23 to Fig. 7.28. The machine
learning statistic is calculated with the different number of users in the system to
determine the effect of the number of users on the learning and recommendation
competences of the recommended approach. The prediction accuracy is dependent on the
magnitude of various errors in the system. The lower values of Mean Absolute Error
(MAE) and Root Mean Squared Error (RMSE) with an increase in the number of users of
the system as exhibited by the IMSS tool is shown in table 7.8. Hence machine learning
and recommendation capabilities of the IMSS tool improve with an increase in the
number of users. The reason behind such an observation is that the personalized search
system is designed and implemented here in such a way that search history of matching
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user is referred for query expansion or query disambiguation for the current user.
Therefore, increased usage of the system by an increased number of users will provide
better opportunity to accurately predict the existing best match User ID and also assist in
predicting feedback of a prospective web link by referring search history of the matching
user.

Fig. 7.23 Machine learning summary for eight users
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Fig. 7.24 Machine learning summary for seven users

Fig. 7.25 Machine learning summary for six users
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Fig.7.26 Machine learning summary for five users

Fig.7.27 Machine learning summary for four users
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Fig. 7.28 Machine learning summary for three users
The two essential evaluation metrics, i.e., MAE and RMSE for the machine learning
model based on collaborative filtering may be summarized as shown in table 7.8.
Table 7.8 Evaluation metrics summary for deployed collaborative filtering model
S. No.

No. of Users

RMSE

MAE

1

3

0.39999999999999997

0.32000000000000001

2

4

0.3565912050589316

0.26970562748477145

3

5

0.37046038744236703

0.3301208618636423

4

6

0.35239137542973176

0.31776287474083337

5

7

0.341679109565523

0.3038283247828333

6

8

0.33647971094793666

0.296512433673409
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7.6 EXPERIMENT DESIGN
7.6.1 Implementation
All experiments performed in the current research work are implemented by writing
scripts using Python, PHP, HTML 5 and CSS 3 to deploy Advanced Cluster Vector Page
Ranking (ACVPR) algorithm in the form of a metasearch tool, i.e., Intelligent Meta
Search System (IMSS). This IMSS tool is a machine learning enabled metasearch engine
which uses Python interpreter on the server side for implementation of data analysis and
ACVPR algorithm. Results of the analysis are processed using PHP, HTML 5, and CSS 3
and finally displayed on a user browser. The tool uses a MySQL engine for the user and
query management. This tool is deployed on the Google cloud engine with Hadoop
features enabled for computation of user similarity, rating based recommendations. Here,
in the present research work, multi-node and single node cluster are alternately
implemented to deploy the IMSS tool. However, a single node cluster is found to be
comparatively more efficient in terms of resource consumption.
Here, Hadoop second generation analytics using Google cloud platform for deployment
of IMSS tool is preferred as it offers dynamic and elastic scaling because virtual machine
instances may be easily added or deleted depending upon the load. Moreover, Google
provides efficient resource management regarding virtual machine instances and network
bandwidth. The chosen platform offers high reliability and lesser operational issues by
using Rack Placement strategy. The detailed discussion about the implementation and
instance set up on the Google cloud platform is discussed in detail within Chapter 4.

7.6.2. User Survey
Human volunteers verified the effectiveness and efficiency of the implemented IMSS
tool and ACVPR algorithm over traditional search engines. There are a total of 110
human volunteers employed for precision comparison of IMSS tool with three popular
search engines, Google, Bing, Qwant and a popular metasearch engine, Dogpile. Out of
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110 volunteers, sixty are females and rest fifty is male within the age group of 21 years to
49 years with a minimum of five years of experience to carry out web search and
browsing. They were asked to access the IMSS application on Google cloud platform
using the external IP address of the tool. After completing the signup process, volunteers
were asked to repeat at least ten times following steps on IMSS tool to allow the tool to
learn their individual personalized preferences and to build their feedback.csv file with
columns of relevancy feedback, page loading speed, response time, security and
personalized query expansion. The queries searched by volunteers were chosen out of 9
categories as shown in table 7.1 pulled from Google Trends 2017 in India to assure that
only those queries should be considered for the experimental purpose which is popular
and is searched by real users. This selection, in turn, is required to assure the accurate
personalized search precision comparison between professional search engines like
Google, Qwant, and Bing with IMSS tool as search engines exercise personalization on
popular search queries. The trending search queries from 9 categories well assisted in
determining personalized search precision of various professional search engines under
consideration and the precision comparison with IMSS tool. The trending queries were
searched on IMSS, Google, Bing, Qwant and Dogpile to rank these search tools by
determining various search precision parameters as discussed below.


Firstly, volunteers were asked to search a partial or ambiguous search query on all
the search tools under consideration, for instance, search for an incomplete query
like “Bitcoin” rather than “How to buy Bitcoin” or “How to mine Bitcoin” or
“What is Bitcoin."



Secondly, volunteers were asked to assign weight to various search precision
parameters in between 1(worst) to 5(best) to top five web links produced in the
output of the considered search engines



The precision data obtained is then normalized by recursively applying equation
(15) on each precision parameter for each of the candidate web page returned by
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the background search engine to IMSS tool using following equation, Normalized
Value (NV) is calculated as shown in equation (15):
NV = (Maximum value of parameter) – (Measured value of parameter) /
(Maximum Value – Minimum Value)
………. (15)

The applicable mathematical equivalent expression is shown in equation (16):
NPab= (MAX (PPab) – PPabr) / (MAX (PPab) –MIN (PPab)) ………(16)

Where, PPab = Value of bth precision parameter of ath webpage; NPab= Normalized value
of bth precision parameter of ath webpage; MIN, MAX = Minimum and Maximum value
of each of the precision parameter

•

The overall precision of a candidate web page is then obtained using the weighted
summation of the normalized value of each of the precision parameter as shown in
equation (17):
Na = ∑ Wb . NPab ……….. (17)

Where, Na = weighted precision of ath webpage; Wb= Weight assigned to bth parameter by
volunteer, where 0 <= Wb <= 1

•

At last, the overall precision of search engine/tool is determined by calculating the

average of all the weighted precisions as gathered by volunteers for a given parameter
among response time; page updated content, personalized relevancy at a time. The
precision is determined by using equation (18)
Precision (ID) = AVERAGE (Na) ………. (18)
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7.7 RESULT ANALYSIS
The graph shown in Fig. 7.32 is comparing the precision of various search parameters
and represent that the human volunteer's judgment proves that the precision of ACVPR
algorithm and its implementation, i.e., IMSS tool designed and developed in the current
research work is better than Google, Bing, Qwant, and Dogpile. The precision of each of
the parameter, i.e., Response Time, Page Updation and Personalized Relevancy of IMSS
dominate over professional search engines and metasearch engines. This observation, in
turn, proves the effectiveness and efficiency of deployed logistic regression and
collaborative filtering based machine learning models to merge the output links from all
three professional search engines, i.e., Google, Bing, and Qwant.
The primary reason behind improved precision of ACVPR algorithm and IMSS tool over
professional search engines is because Intelligent Meta Search System (IMSS) is a
metasearch tool and is utilizing the strength of all of its three background engines, i.e.,
Google, Qwant and Bing. The IMSS tool is offering the search capabilities of all three of
these under a single search platform by merging the top links of each of the individual
search engines.

Furthermore, IMSS tool is well utilizing the machine learning

capabilities in predicting user preferences to satisfy the personalized search needs of the
user as evident from evaluation metrics and discussed in section 7.3.2 and 7.4. The
scalable analytics support of next-generation HDFS framework is also playing an
important role in improved performance and hence better satisfaction of the end user.
The graph shown in Fig. 7.29, Fig. 7.30 and Fig. 7.31 demonstrate the average precision
metric comparison between IMSS tool with a popular metasearch engine, i.e., Dogpile as
calculated by volunteers for various precision parameters, i.e., Response Time, Page
Freshness and Personalized Relevancy respectively. The graphs shown indicate that the
initial average precision of IMSS is lesser than Dogpile for page freshness, response time
and personalized relevancy. However, soon after a few trials run, the precision of the tool
improves in comparison to Dogpile. This improved precision demonstrates the effective
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collaborative filtering based machine learning capabilities of IMSS tool. This tool can
build customer profile database by monitoring his or her personalized browsing
preferences with some trial runs and hence tool will be able to calculate various important
relevancy vectors as discussed in section 5.2.3, i.e., SRV, FRV, TRV more accurately.
However, precision improvement in Fig. 7.29 for response time is not as significant as in
Fig. 7.30 and Fig. 7.31, i.e., for page freshness and personalized relevancy. This
difference in precision statistics is because of background implementation of MapReduce based second generation HDFS used in the tool. This small precision difference
is due to time delay occurring on account of iterative analytics. This suspension can be
improved further by use of Spark based HDFS system as in-memory computation models
implemented through Spark allow intermediate results to be kept in memory and hence
reduces the overhead of iterative analytics as discussed by Malhotra and Rishi (2017).
However, tools and infrastructural requirements of Spark based implementation are still
under development stage, and hence Map Reduce analytics is preferred in the current
research work. The extensive experimental evaluation and graphical demonstration in
Figures 7.29, 7.30, 7.31, and 7.32 indicates the improvement in various precision
parameters at much faster pace when a personalized search is accomplished with IMSS
tool over other professional and popular search engines, i.e., Google, Qwant, Bing and a
popular metasearch engine, i.e., Dogpile.

1
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0
Ist Run

2nd Run

3rd Run

4th Run

Fig. 7.29 Precision comparison between IMSS and Dogpile- Response Time
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Fig. 7.30 Precision comparison between IMSS and Dogpile – Page Freshness

Fig. 7.31 Precision comparison between IMSS and Dogpile- Personalized Relevancy
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Fig. 7.32 Precision comparison- IMSS with Google, Bing, and Qwant
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7.7.1 Experimental Verification- Personalized Page Rank Improvement
After, extensive training and testing of IMSS tool through queries in Zeitgeist datasets,
volunteers were asked to execute a few random queries out of Google Zeitgeist datasets
to experimentally verify query expansion and web page rank improvement for nonpopular search queries. The steps performed in the following sequence on the interface of
the IMSS tool.


In the first step, user1 with system generated ID=2 search for a query apple
iPhone as shown in Fig. 7.33. The results produced are displayed to the user to
mention rating to his or her favorite links as shown in Fig. 7.34. User1 had given
a high rating to a web link https://www.apple.com/ ranked seven by Google.

Fig. 7.33. User1 search query- apple iPhone
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Fig. 7.34 User1- high rating to web link at rank # 7


In the second step, user2 with system generated ID=3, logged in the system and search
for a query apple fruit. User2 had also given a high rating to one of the links ranked six
as shown in Fig. 7.35.

Fig. 7.35 Results presented to User2
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The last two steps may be considered as the training phase of the IMSS tool, and now
there is a need to test the capabilities of the system. In the previous step user3 with
system generated ID =4, logged in the system and search for an incomplete query, that is,
apple followed by clicking search recommendation button. The search recommendations
are shown to user3 concerning user1 as user1 with ID =2 is detected as best match ID by
the machine learning model of IMSS tool and the query searched by the user1, that is,
Apple iPhone is shown as a recommendation to complete the query. As user3 continue to
explore the recommended query, the rank of the highly rated link, that is https:// www.
apple.com by user1 is improved to rank 4 for user3 as oppose to rank 7, previously shown
to the user1. The search query suggestion to user 3 is shown in Fig. 7.36.

Fig. 7.36 Search suggestion for an incomplete query
The screenshots in Fig. 7.34 and Fig. 7.37 show that the previous rank of the same web
link, that is, https://www. apple.com/ is improved from rank 7 to rank 4 as the high rating
is given to the web link by another user. Hence, the IMSS tool can assist in getting
personalized search recommendations and can suitably re-rank the web links to improve
user personalized web search experience.
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Fig. 7.37 Improvement of link rank to rank # 4

7.8 COMPARATIVE ANALYSIS
7.8.1 Comparison with Baselines
Table 7.9 Baseline comparison
S.

Baseline

Description

No

1

Arya et al. The US patent baseline proposes job search personalization using
(2018)

social network based recommender system with evaluation metrics
similarity score. However, present approach offers general web
search personalization and in contrast is based on metasearch and
machine learning model with comparatively more independent
evaluation metrics- MAE, RMSE, Precision, Recall, Specificity, and
Sensitivity.
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2

Bouadjenk The baseline recommends social information based personalization
et al.

using vector space models and measures personalization extent using

(2016)

MAP and MRR. However, the present approach, in contrast, offers
meta-search

and

machine

learning

enabled

web

search

personalization with independent evaluation metrics to justify the
improvement in the precision of web page ranking.

3

Shafiq et

The authors propose a generic approach to re-ranking of web search

al. (2015)

results based on social network information of the user and used
evaluation metrics like MAP and DCG. However, recent studies
have shown that metrics like DCG has a severe drawback regarding
an assumption that document at rank i is independent of the
documents with ranks less than i. However, the fact is that the
document at rank i is dependent on how satisfied a user is with
previously traversed results. Here in the present approach, metrics
like MAE, RMSE are used and are independent of such assumptions.

4

Bibi et al.

The baseline proposes a framework for re-ranking of search results

(2014)

obtained from a search engine. However, present approach
recommends and implements a metasearch engine which can re-rank
the results obtained from three search engines, i.e., Google, Qwant
and Bing and uses machine learning and scalable HDFS based big
data analytics framework on handling a massive number of links to
effectively and efficiently satisfy the personalized needs of the user.

196

5

6

Moawad

The authors propose web search personalization based on multi-

et al.

agent system and semantic web with evaluation metric as search

(2012)

precision but lag the big data processing capabilities.

Collins-

The baseline proposes web search personalization based on reading

Thompson proficiency using semantic-based capabilities with MRR and page
et al.
(2011)

7

reading level as an evaluation metric. However, the baseline does
not offer metasearch and big data processing capabilities.

Kim et al.

The baseline proposed web search personalization using a concept

(2010)

network based recommender system and evaluated the same using
MAP metric. However, the metasearch and big data capabilities are
missing in contrast to current research work.

7.8.2. Comparison between Various Versions of IMSS Tool
The current research work design and develop Advanced Cluster Vector Page Ranking
(ACVPR) algorithm and implements the same in the form of Intelligent Meta Search
System (IMSS) tool. However, since the inception of current research work, we have step
by step improved and extended the capabilities of the initially proposed algorithm to
achieve various objectives of the current research work. We have also verified the
effectiveness and efficiency of various earlier versions of the ACVPR algorithm as
implemented time to time in the form of various versions of the IMSS tool and listed in
table 7.10. The different proposed versions of the IMSS tool are also published in our
research papers, i.e. (Malhotra & Rishi, 2018a, b), (Malhotra & Rishi, 2017a, b),
(Malhotra & Rishi, 2016). The detailed discussion about the interface and capabilities of
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different versions of the IMSS tool is also included in section 2.2. The tabular
comparison between various versions of proposed and implemented Intelligent Meta
Search System (IMSS) to highlight how various versions of IMSS differ from each other
is shown in table 7.10.

Table 7.10 Comparison between various versions of IMSS tool
S.

IMSS

Description

No

Version

1

IMSS-AE

The earlier proposed version by us, i.e., IMSS-AE deploys RV page

[77]

ranking algorithm for E-Commerce website personalization and is
based on HDFS version with significant overhead on account of
iterative analytics. Moreover, the IMSS-AE also lacks an appropriate
machine learning model to improve web search precision. However,
presently deployed version, IMSS is not restricted to any specific
domain but offer general web search personalization with adequate
machine learning capabilities.

2

IMSS

The earlier proposed version of the deployed metasearch tool uses a

[75]

system design for personalized query expansion based on semantic
web and HDFS platform. Although, old approach discusses map and
reduce functions for personalized page ranking but is lacking
appropriate page ranking algorithm. However, the present approach
proposes a well explained ACVPR algorithm and is well proven to
provide effective and efficient personalization through evaluation of
machine learning and user survey based personalization metrics.
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3

IMSS-E

The IMSS-E version uses Apriori mining, and Map Reduce based

[73]

framework supported by back propagation neural network and
semantic web for E-Commerce website rank personalization. The
IMSS-E version uses average search precision as an evaluation
metric. However, the present version in current research work
deploys logistic regression and collaborative filtering based HDFS
framework and perform better regarding average precision metric.

4

Meta

The previously proposed tool by us uses HDFS and Map Reduce

Search &

based architecture to deploy the CPR algorithm. The previously

Page

proposed approach lag appropriate machine learning model to

Ranking

enhance web search personalization experience of the end user.

Tool

However, the present approach deploys IMSS tool based on logistic

[74]

regression and collaborative filtering based machine learning models
to provide comparatively more satisfactory results to the end users as
determined by user survey in the current research work.

5

Web Page

The earlier proposed approach uses a back-propagation based neural

Ranking

network to implement web search personalization by discussing web

Tool

page ranking tool. However, the earlier approach does not offer meta-

[72]

search and big data based scalable processing capabilities as deployed
in current research work to better handle the personalized search
needs of the users of the modern generation.
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7.8.3. IMSS vs. Popular Recommendation Approaches
The performance of collaborative filtering based recommendation module of the
pioneered ACVPR algorithm and its implementation, i.e., IMSS tool is evaluated by
measuring and comparing evaluation metrics, i.e., Mean Absolute Error (MAE) and Root
Mean Squared Error (RMSE) against various popular techniques for web search
personalization discussed in the literature.
The evaluation regarding the effect on increasing the number of users of the IMSS tool is
discussed in detail within section 7.5 and is also summarized in table 7.8. The
recommendation module of the deployed system is responsible for predicting the existing
best match User ID of the system and hence is quite critical for search query expansion or
disambiguation. Here in this section, the recommendation capabilities of the IMSS tool
with other popular recommendation approaches are compared by MAE and RMSE
metrics. The recommendation approaches considered for the comparison are discussed in
the literature and are also summarized by Jiang et al., (2012). As shown in table 7.11, the
lowermost values of errors, i.e., MAE and RMSE for the IMSS system demonstrate the
fact that the recommendation accuracy of the designed and developed ACVPR algorithm
in the current research work is better than various popular approaches proposed in the
literature used for online recommendations and search personalization.

Table 7.11 IMSS vs. Popular Recommendation Approaches

Approach

Root Mean Squared

Mean Absolute Error

Error
IMSS

0.3364

0.2965

Content-based [7]

0.4769

0.3842

Interpersonal influence based [45]

0.4686

0.3859
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Probabilistic matrix based [69]

0.4127

0.3276

Social regularization based [70]

0.3537

0.2985

Feedback based [84]

0.4684

0.3764

Item-based [95]

0.4513

0.3601

7.8.4. IMSS vs. Professional Metasearch Engines
The IMSS tool is also compared with various professional metasearch engines, Dogpile,
Mamma, Kartoo and MetaCrawler. As shown in table 7.12, IMSS tool leads over other
popular professional metasearch engines. The IMSS tool is the only metasearch tool that
enables the end user to select the backend search engine among three background search
engines, i.e., Google, Bing, and Qwant within advanced criteria search. Moreover, the
IMSS tool allows the end user to experience personalized web search by recommending
various search queries of the previous similar users as predicted by the machine learning
model. The IMSS tool also allows the end user to sort web links in the order of loading
speed. However, the IMSS tool does not allow searching multimedia content that is,
images, videos, etc. as provided by Dogpile and Metacrawler engines. The IMSS tool is
the only tool that offers detailed machine learning details on its interface to allow
researchers to study and further improve the machine learning capabilities of the search
engine. Moreover, IMSS tool is the only metasearch tool that provides various search
attributes in its output, that is, page loading speed, response time and security to allow the
end user to have an idea of the search experience before actually visiting the web link.
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Table 7.12 Comparison between IMSS tool and professional metasearch engines
Meta Search Engine

Multimedia
Search
Options

Backend Personalized
Search
Search
Engine
Selection

Machine
Learning
Summary

Search
Attributes
in Output

Yes

No

No

No

No

No

No

No

No

No

No

No

No

No

No

Yes

No

No

No

No

No

Yes

Yes

Yes

Yes

7.9. CHAPTER SUMMARY
This chapter discusses two different machine learning approaches used to implement the
ACVPR algorithm. The detail regarding implementation and calculation of various
evaluation metrics for logistic regression and collaborative filtering based model for the
deployment of machine learning capabilities of the IMSS tool is also discussed. The
machine learning summary and recommendation capabilities of the recommended tool
are shown via relevant metrics like specificity, sensitivity, accuracy for classification
based regression model and MAE, RMSE and correlation statistics evaluation metrics.
The experimental design, user survey, and verification of query expansion and
personalized web page rank improvement are also demonstrated through screenshots of
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the live tool. The category of search queries used for training and testing of the system
are chosen from various popular search datasets of queries available in Google Zeitgeist
2017. The detailed comparison between different earlier proposed versions of the IMSS
tool helps in understanding the improvement and step by step achievement of the various
objectives of the current research work. The comparison of the recommended
personalization approach with baselines establishes significant improvement regarding
capabilities required by modern web search personalization approach. Moreover,
comparison of IMSS tool with popular recommendation approaches and professional
metasearch engines demonstrate more powerful and user/ developer friendly features of
IMSS tool like personalized search, machine learning summary, and statistics of various
search parameters like response time, security and page loading speed in the output of the
IMSS tool. These statistics help in establishing improvement and enhanced user
satisfaction through designed and developed ACVPR algorithm and IMSS tool in current
research work when compared with other web search personalization approaches
discussed in the literature.
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CHAPTER 8

CONCLUSION AND FUTURE WORK

8.1. CONCLUSION
The significant contribution of present research work is the innovative Advanced Cluster
Vector Page Ranking (ACVPR) algorithm and its implementation in the form of an
Intelligent Meta Search System (IMSS) for web search personalization. The pioneered
personalization approach is backed by intelligent and advanced technologies like machine
learning and Hadoop2 based big data analytics to predict meta keywords to suitably
expand or suggest the appropriate search query to the user as searched by previous users
with matching the profile. The similarity of users and preferred web page ranking order is
determined by using collaborative filtering and logistic regression based machine
learning models. The deployed metasearch system can competently handle a massive
number of web links returned by background search engines by using the second
generation of HDFS and Map Reduce based big data analytics framework. The
metasearch tool, i.e., IMSS is implemented using machine learning enabled Advanced
Cluster Vector Page Ranking Algorithm (ACVPR). The tool can easily predict the
personalized relevancy of a prospective web link returned by backend search engines,
i.e., Google, Bing, and Qwant for a specific user. The tool can also remove those web
links from its final output which are not relevant as evident from user personalized
profile, browsing history and the machine learning model decides the same. The machine
learning model of the current research work is implemented through two approaches, i.e.
(i) Logistic Regression (ii) Collaborative Filtering. The logistic regression model
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undergoes extensive training and testing and hence can well predict the response variable,
i.e., feedback of a user about a prospective web link. The capabilities of the deployed
model are verified by generating a confusion matrix which in turn assisted in the
calculation of various evaluation metrics like specificity, sensitivity, TPR, FPR,
precision, and recall. The ROC plots between TPR v/s FPR, specificity v/s sensitivity and
precision v/s recall establish the effectiveness and efficiency of the regression-based
machine learning model used to design and develop innovative ACVPR algorithm and
IMSS tool. The diagnostic curves for both feedback_model and feedback_model2
represent the successful generation of the machine learning model for accurate prediction
of relevant web links. The collaborative filtering model is used to predict the best match
User ID to suitably disambiguate the search queries. The low value of considered
evaluation metrics, i.e., Mean Absolute Error (MAE), Root Mean Square Error (RMSE)
and machine learning summary depicts the improved machine learning capabilities of the
system. Moreover, human volunteers judgment regarding the enhanced precision of
various predictor variables of IMSS tool when compared with popular search engines like
Google, Bing and Qwant also establish the fact that deployed machine learning model,
IMSS tool, and ACVPR algorithm can well satisfy the personalized search needs of the
user. The comparison of the pioneered approach with various baselines also establishes
the fact that the ACVPR algorithm can improve the personalized search experience of the
end user. Moreover features based comparison of the deployed tool with professional
metasearch engines, like Dogpile, Kartoo, Mamma and meta-crawler also strengthen the
claim of improved personalized search capabilities of the IMSS system and hence more
satisfactory end-user experience. The innovative approach to web search personalization
as discussed in the current research work is also published in papers by us (Malhotra &
Rishi, 2018 a, b). The practical significance for various audiences of the present research
work is discussed in sections 8.1.1 to 8.1.3.
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8.1.1. Significance for End User
The end user of the pioneered personalized metasearch system is a web user wishing to
locate a relevant URL to satisfy his personalized web search requirements. The deployed
IMSS tool can assist the end user in searching and listing web links in the personalized
order. These web links produced in the output of the IMSS tool are free from biased
ranking. The conventional search engines usually show advertised or paid links and
hence irrelevant web links on the top of their search output. Thus, the IMSS tool saves a
lot of time and energy of the user spent in searching a relevant web link as compared to
traditional search engines. The IMSS tool is a metasearch tool which in turn will combine
relevant top links from different search engines and hence recall of the result will be
better than recall achieved by any of the individual search engines.

8.1.2. Significance for Online Businesses
Online businesses will be motivated to build user-friendly websites rather than just search
engine friendly websites. The site that has the potential to satisfy the personalized needs
of the user will automatically be listed among the top links in search engine output
without any fear of biased ranking or wrong ranking support to paid/incompetent web
link by the search engine. This assurance, in turn, will motivate online businesses for
positive competition.

8.1.3. Significance for Researchers & Developers
The current research work will motivate researchers and developers to design and
develop various metasearch applications by using the potential of machine learning based
big data analytics and hence to improve the experience of the end user on the web by
incorporating more and more powerful personalized search algorithms. The machine
learning summary displayed on the interface of the tool can be used for research and
development purpose and hence to further improve the personalized search algorithms.
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8.2. FUTURE SCOPE
In future, Advanced Cluster Vector Page Ranking Algorithm (ACVPR) and IMSS tool
can be further refined to perform an image-based personalized web search, i.e., search for
useful & personalized web links using images. For instance, face recognition based web
search can be used to find helpful web links or to locate parents and address of a lost
child on WWW or social media using his or her image.
The present research work can also be enriched by incorporating domain-based search
tabs on the interface of the IMSS tool. The domain-specific search may include
personalized search tabs for e-commerce websites, airline websites to compare and
contrast a particular product/ticket/offering from many online businesses. This feature
can assist customers in easily searching a specific webpage to satisfy his or her
personalized requirements without manually requiring visiting many websites to compare
the offerings.
The technological advancements may further improve the performance of the tool; for
instance, second-generation HDFS implementation for big data analytics may be replaced
by Spark platform specialized for iterative analysis. However, the infrastructural
requirements for platforms like Spark are first required to be satisfied to carry out such a
change in the future.
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SUMMARY

In the present era of big data, web page searching and ranking efficiently on the World
Wide Web to satisfy the personalized search needs of the modern user is undoubtedly a
major challenge for search engines (Malhotra et al., 2017a). The current research work
proposes a novel approach to address the need for web search personalization. Intelligent
technologies back the personalization approach in the current research work, i.e.,
regression and collaborative filtering based machine learning and Hadoop2 - Map Reduce
based framework to support big data analytics as required by next-generation search
systems. The deployed approach can effectively and efficiently carry out web page reranking as evident from calculation and comparison of various relevant evaluation
metrics with baselines and feature-based comparison with professional metasearch
engines. The efficiency of the inherent machine learning model is verified by plotting
different diagnostic and ROC curves. The effectiveness of the pioneered algorithm is
further confirmed by user survey and extensive experimental evaluation. The results are
plotted in the form of graphs to carry out the precision comparison of the deployed IMSS
tool with professional and popular state of the art search engines and metasearch tools.
The current research work carries out web search personalization through innovative
Advanced Cluster Vector Page Ranking (ACVPR) algorithm and its implementation in
the form of a metasearch tool, i.e., Intelligent Meta Search System (IMSS) to suitably
expand or disambiguate incomplete or erroneously framed search queries of a user to
easily satisfy his or her personalized search needs. The five objectives of the current
research work are addressed in detail within eight different chapters of the thesis, and the
same is also published in our research papers (Malhotra & Rishi, 2018 a, b), (Malhotra &
Rishi, 2017), (Malhotra & Rishi, 2016). The detailed summary and contribution of each
chapter are given at the end of each chapter.
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