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ABSTRACT

MINING AND TRACKING EVOLVING WEB USER
TRENDS FROM VERY LARGE WEB SERVER LOGS

By

Basheer Hawwash

May 10. 2008

Online organizations are always in search for innovative marketing strategies to
better satisfv their current website users and lure new ones. Thus, recently. many
organizations have started to retain all transactions taking place on their website, and
tried to utilize this information to better understand and satisfv their users. However.
due to the huge amount of transaction data. traditional methods are neither possible
nor cost-effective. Hence, the use of effective and automated methods to handle these
transactions became imperative.

Web Usage Mining is the process of applving data mining techniques on web log
data (transactions) to extract the most interesting usage patterns. The usage patterns
are stored as profiles (a set of URLs) that can be used in higher-level applications, e.g.
a recommendation syvstem. to meet the company’s business goals. A lot of research

has been conducted on Web Usage Mining. however. little has been done to handle
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the dvnamic nature of web content. the spontancous changing behavior of users. and
the need for scalability in the face of Targe amounts of data.

This thesis proposes a framework that helps caprure the changing nature of user
beliavior on a website. The framework is designed 1o bhe applied periodically on
meoming web transactions. with new nsage data that s similar to older profiles used
1o update these old profiles. and distinet transactions subjected to a new pattern
discovery process. The result ol this framework is a set of evolving profiles that
represent the usage behavior at any given period of thine. These profiles can later be
used in higher-level applications. for instance 1o predict the evolving user's interest

as part of an intelligent weby personalization framework.
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CHAPTER 1

INTRODUCTION

1.1 Motivation

The World Wide Web is the lareest and most accessible source of information
for both nsers and businesses. Oreanizations create their own websites to offer their
services to the customers (individuals or other companies). and customers flock to
these websites to buy new books. rent movies. read uews. or perform any kind of
business transaction.  As more businesses moved online. the competition hetween
businesses to keep their old customers and lure new customers has increased. since a
competitor’s website is just one click away,

All these reasons have motivated online companies to analyze the usage activity
data that resulrs from online transactions in order to better understand and satisfy
their website users on an individual or group basis. for instance to support Customer
Relationship Management (CRN. However. millions of ¢licks and online trransactions
take place every dav. and the data that results from these transactions is becotn-
ing so huee that trving to use conventional analvsis methods is neither possible nor
cost-cffective. As a result. it has become imperative to nse automated and effective
methods to trn this raw data inro knowledge thar can help online organizations to

better understand their users.



Web Usage Mining is the process of applving data mining techniques on web
log data {transactions) to extract the most interesting users” online activity patterns
and extract from them user profiles (e.g. a set of URLs) that can be used in higher-
level applications such as recommendation or personalization services. and hence help
increase the online users” satisfaction and maintain their lovalty,

There has been a considerable amount of research in web nsage mining |1. 3. 4. 6.
150180 19) However. there has been very few detailed studies in how to deal with
the challenging characteristios of today’s websites. especially i answering scalability
concerns (enormoins streatns of raw data). dyvnamic content and the changing behavior
of users.

The content of most websites changes on a regular basis that ranges from monthly
changes 1o howrlv-changes such as the case of most news websites. The dvnamic
nature of websites” content along with the social. cconomical. cultural. and other
changes are the driving foree for the changing behavior of users over the Web. Since
the changing nsage hehavior is havd to predict. discovering usage patterns should be

done dvnamically and on a regular basls.
1.2 Objectives

This thesis proposes a new [ramework that can handle the changing content and
behavior of the web nsers by updating nsage patterus profiles over time hased on the
new web log dara stream. In this framework., web usage mining is performed on a
regular basis. such as weeklyv or dailv. or depending on the size of the logs. in case
the logs cannot bhe loaded i memory in their entivelv. At cacl run. the recent user
activities are compared against the existing profiles. then the profiles are updated
according 1o a similarity function. The completely new and different usage trends

are then used 1o discover additional new profiles 1o be added o the older npdated

profiles.



Following this scalable approach. the usage patterns are expected to alwavs be
representative of the carrent behavioral trends of the users. Moreover. since at any
tine. only acsmaller part of the new log data undergoes the pattern discovery process,
this approach is efficient in terms of computational complexity and resource usage.
These characteristies make our framework an efficient and robust solution that can
be embedded in o higher-level application thar utilizes the profiles in intelligent web
applications. such as to provide predictions for web page pre-fetching. load balancing.
recomcndations. or web personalization.

The objectives of this thesis can be simmarized as follows:

o [Handling rthe scalability of usage pattern discovery from massive input web

usage data.

o Ilandling the evolution of input usage data vesulting [rown the dynamic nature

of the Web content. and the changing behavior of web nsers.

e Tracking the evolurion of rthe discovered profiles over time by updating an

archive of profiles in an on-going basis.

o Generating user-friendly profile representations that can be used inother higher-

level applications.

e Evaluating the gquality of the proposed profile tracking.

[N



1.3 Thesis Contribution

The najor contribution of this thesis is providing an efficient. robust. and scalable
approach to discover the most interesting user beliavior patterns on a swebsite. This
approach is capable of developing and tvracking evolving profiles for users” browsing
trends on asingle website, These profiles ave potentially -at any given time- the hest
representatives of the current users” preferences,

This thesis is also concerned with studving and analvzing the evolution of patterns
that are discovered. The approach adopred in this thesis updates the patterns to the
stallest details. Henceo observing their evolution will give an accurate picture of how
users are reallv changing their hrowsing behavior, This analvsis mayv help in pointing
out potential business target markets or ontdated markets,

This thesis also suggests a maintenance algorithm that will he applied periodi-
callyv on the discovered patterns to enhance thenr acenracy and reliability, During
maintenance. the patterns are evaluated. thus porentially allowing only interesting
or current ones to be retained. Instead of putting every new data record through a
complete analvsis. a large portion of data (that already martch the discovered profiles)
will actually be discarded based on appropriate similarity tests against these profiles.

Eventhough. our discussions are within the context of mining web usage data,
this approach can be extended to other applications involving mining dynamic data
streams. such as mining and summarizing varvious svstem and network andit logs. or

even temporal text data sucl as blogs and online news,

1.4 Summary

The motivations behind adopting the proposed framework are the need for ana-
Ivzing the web users” hehavior on websites. and the lack of inethods to handle changes
efficiently. while adhering 1o the scalability requirement of this task. We have also

presented the main objectives and contributions of this thesis. that is to develop a



robust. scalable. and eflicient framework capable of capturing the dyvnamic usage be-
havior on the web as a set of evolving profiles. which could be used i higher-fevel

applications to weet a vaviety ol organizational goals.



CHAPTER 2

LITERATURE REVIEW

2.1 Overview of Web Usage Mining

Web Usage Mining is the process of applving data mining techniques to extract
useful information usage patterns from the web log data. The analvsis of the dis-
covered usage patterns can help online organizations gain many business benefits,
mcluding:

e Determining the life time value of customers

e Developing cross-product marketing strategies

o Lnhancing promotional campaigns

o (iencrating autolnatic recommendations to website visitors
o Wb personalization

e Fflicient organization of the web sites” content and structure

o [nliancing the server performance by pre-ferching pages that the user is most

likely 1o visit (conunonly performed by hosting sites and Iuternet Service Providers)



The above henefits ave not limited 10 online stores. but theyv mav also impact other
types ol online “presence”™. sich as e-learning sites and free media websites. including
news. publishers and digital libraries.

Web usage mining has gained a lot of interest latelv beeanse it focuses on the
user's perspective to the Wely more than the creators” perspective. s a result. a
lot of research has been conducted and many new technigues and tools have been
developed |1, 30 15, 180 19 These tools can be divided into two main categories:
Pattern Discovery. and Paltern Analy=i<. However, many tools hoth discover and
analyze patterns. This s due to the fact that pattern representation is application-
dependent. oo there are no standards on how patterns profiles should look like.

Web Pattern discovery tools are basicallv what most people refer to as "web us-
age mining" tools. They use many techniques from different disciplines including
Artificial Intellicence. data mining. machine learning. and information theory to infer
usage patterns from the web usage data. For exaunple. Nasraoui and Krishnapuram
proposed in |1 a new evolutionary clustering approach called Unsupervised Niche
Clustering (UNCHL which proved robust to noise. However UNC works best with nu-
merical datasets. For many real-world application UNC was not practical. Hence, in
[6]. 2 new version of UNC was proposed. named Hierarchical UNC (HUNC). which
ecnerates a hierarchy of clusters. These clusters can provide different lTevels of detail,
thus speedine up the mining process considerably, This thesis will provide a modified
version of HUNC that can handle the dyviamic nature of usage patterns.|3] Proposed
a complere framework that automatically classilies visitors to a web site into different
classes based on their navigation behavior, Once the visitor is classified. the organi-
zation of links will be dyvnamically changed on the-fly and links will be suggested to
the user.

The discovered patterns are not useful nnless they ave interpreted and understood

by the pattern analvsis tools. The interpretation of the patterns depend on the tool



and the purpose of that interpretation. for example the WebViz svstem [18] is used
to visualize the web as a connected graph. Web Utilization Miner (\WUN) [H] is an
example of botli a discovery and analvsis tool for web usage mining. \WUM extracts
navigation patterus and represents them by an "aggregate tree’ which are browsing
trails combined bhased on their conunon prefix. Moreover., WUM offers an SQL-based

language called NMINT that enables the hmman expert to format the output and choose

the interestineness criteria.

2.2  Sources of Web Usage Data

The web usage data cau be obrained from different sources: server log files. client
side data. and web proxy logs. The most important souree is the server log files sinee
thev explicitlv record the clickstreams for all the users on a particular website and
theyv are much casier 1o obtain since thev are owned by the organization that owns
the web servers.

The information available in log files inchude the elients IT address. time of access.
pages visited. previous page visited. and other fields. However. in its raw forni. the
usage data provided by log files on the web server is not entirely reliable. and does
not reflect the actual browsing behavior due to the various levels of caching on the
Web. Caching is used by most web browsers to keep a temporary copy on the local
machine of most recentlv visited pages. nunder the assimption that these pages would
most likelv be visited again. So when requested. they would be retrieved from the
temporary location on the local machine 1o reduce both the loading time of those
pages and the network wallic load. As a result. all the cached pages are not requested
from the server. Thus. thev are nor recorded in the server log file.

Other information that can be found on the server include query data which is

the set of kevwords that the users search for within that website. as well as cookies



which are small files stored on the Jocal machine and that can be accessed only by the
web servers ina special list stored in the cookie. The purpose of cookies is to keep
track of users because of the lmitation of the stateless connection model of the HTTT
protocol. However. cookies need to bhe cnabled from the client side to be useful. and
thev also raise cortain privacy concers.

On the client side. data can be collected using elient-side seripts such as Java Seript
and Java Applets. However there is a trade-oft hetween the additional computational
overhead (such as in Java Applets) and the amount of data collected (such as the
sheer amount that Java Seript can collect compared to Java Applets). Client-side
collection of data solves the problem of caching since the seript is embedded in the
page itself not on the server side. so every time the page s accessed - even if it s
cached - the data will be collected and sent to the server. However. as in cookies,
the use of clicut-side seripts may require user cooperation to be useful. and mayv also
raise SOme privacy Concerns.

Another source of nsage data is the web proxy server. A web proxy is basically
a server midway between the client and the server. that caches the most recently
recquested pages inorder to reduce the loading time of web pages and reduce the
network traffic load. It shares the same coucept of caching by web hrowsers on local
machines, however a web proxy is tvpically shared by multiple users and caches pages
from multiple web servers. Hence. aweb proxy server can provide accurate and rich
iformation about the conumon interests of multiple users on multiple websites. which
makes it a valuable source for the wel usage mining process. On the other hand,
local (client-side) caching provides information about onlv a single user. However,
obtaining the data from web proxies is hard and raises more privacy concerns, because
web proxies contain the activity of multiple web servers.

The experiments done in this rescarch are hased only on web usage data collected

from the web server. However. the framework that is presented can easily be extended



(o process usage data collected from the client side and proxy servers.
2.3 Pattern discovery process

Analyzing how users access a website can be critical to the organization as dis-
cussed carlier. and can be one of the main factors in deternining the organization’s
success or failure i the ouline world. Acquiring the web usage data is not a hard task
since most of the data is on the web servers owned by this oreanization. However.
hefore this raw data is available for processing by the pattern discovery algorithms.

it needs to be prepaved preprocessed for it to he useful.
2.3.1 Preprocessing usage data

Preprocessing the usage data is not a trivial task 1. 20 19]: it can be arguably the
most diflicult task in the Web Usage Mining process due to the incompleteness and
complexity of data. It is also one of the most mportant tasks in web usage mining
since the discovered patrerns are only useful if the usage data gives an accurate picture
of the user accesses to the web site. There are two primary tasks in preprocessing:
data cleaning. and transaction identification also known as sessionization.

Data Cleaning

During this process. all irvelevant items arve eliminated from the server log. An
irelevant item could be an access to a picture. a clip. or anvthing that is not of any
importance to the behavior of the user. Rather. it is embedded within the requested
web page. This kind of itemn could be eliminated by checking the suffix of the URL
name and removing all entries ending with GIF. JPEG. . .ete.

Another kind of rrelevant item comes from requests originating from web agents
like search engine bots. crawlers. or spiders. Because these agents access the website
periodically to updare their search database. cach time that they visit the website. a

new entrv is creared in the log. Yetr this does not represent an actual user. Hence,
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they should be removed. One wav to do that is be checking for some known 1P
addresses or crawler identifiers. and then removing all the corresponding entries from
the log.

Transaction Identification

The sequences of page requests must be grouped into logical units to be used in
the mining process. Each of these logical nuits is called a session which is the set of
pages that are visited by a single user within a predefined period of time. This step
needs to be done heeause sessions deseribe ow users "behave™ on the website, Thus.
individual URL records are meaningless.  This might seems like a trivial process.
Lhowever. some issues need to be addressed.

One issue is how to determine that the access records really belong to a single user.
The problem is that not every single IP address represents exactly one user, and this
is due to the fact that ordinary users (normallv) do not own a universallv unique IP
address because of the high cost and low availabilitv of 1P addresses. So Internet
Service Providers (ISP own one or more 1P addresses and use them to connect their
clients to the Internet. ISPs tvpicallv have a pool of proxy servers that are used to
speed up accessing the Internet by mulriple ¢lients. so all these accesses will be seen
on the log tile as coming from one IP address hence cousidered one user. Also. some
ISPs randomly assign each request from a single user to a different I address for
privacy awd optimization purposes (IP address rotation). which means that multiple
IP addresses on the low file mav actually represent asingle user. Morcover. a user
accessing the website from different machines may appear as multiple users on the
server side.

Some of these cinmbersome issues can be solved by using client-side tracking mech-
anisms such as cookies. or nusing a combination of 1P addresses. machine name,
browser agent. and other information.  However, client-side tracking needs to be

enabled by the elienr himself. and using a combination of different data (such as IP
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address and browsing agent) is not alwavs helpful sinee even the combination might
not bhe enongh to identify individual users (for instance. only a fow browsing agents
like Tuternet Explorer and Mozilla Firefox dominate the rest).

Another Issue is what the predefined period of time value should be, .\ 30 minute
timeout is often wsed based on the vesults of [13]0 which seems appropriate for websites
like online stores. however it might not he the best value for news or publication
websites such as Wikipedia where one might spend more time reading the content
compared to online store.

Cleaning data and transactions identification both modily the content of what
the server logs contain to make it available for mining. However determining whether
nnportant accesses were are not recorded in the access log i a much havder problem.
The main reason for the absence of these records is caching,.

("aching is normally used at different levels in the client=server connnunication
mwodule. At the client levell most browsers cache the Tatest pages visited Dy the user
under the assumption rhat these pages will be visited again. Caching also happens
on the proxy servers of the ISP where data reguested from multiple users is stored
temporarily. Caching helps in reducing page loading tine on the client side. and
reditces the traffic on the server side. So when a user requests a page. the browser
scarch for it in the cache first. it 18 not there then ic will request it from the server,
which also checks the proxy server first for cachied data before going to the website
web server. As such. all cached pages do not show up on the web server log files which
underestimates the actual number of users and requests made.

To overcome this problem client-side seripts such as Java Seript and Java Applets
can be used. sinee they are embedded in the page itself. Whenever the page is
accessed -even if it is cached- the data will he collected. Another solution is to access
the proxy server logs which show exactly which pages were cached and requested

again. However. the lirst approach needs the compliance of the users. and the second



FeqUres access to the proxy servers, generally owned by the Internet Service Providers

(ISIP). which can rvaise major privacy issnes.
2.3.2 Pattern Discovery

Once sessions have been identified and cleaned. the pattern discovery process can
begin. There are several methods that can be used to discover interesting patterns.,
and these methods are rooted i diverse fields such as Data Mining. Artificial Intel-
ligence, Statistics. Machine Learning. and Pattern Recognition.

Different methods have heen developed to discover the patterns, such as associa-
tion rule mining. classification. and clustering. Choosing which method to use should
take into cousideration any prior knowledge of the Web Data. For exaple. in associ-
ation rule mining the notion of a transaction in market-hased analvsis does not take
into consideration the order of items being selected. However, in web usage mining,
the order of pages requested i the session may be important since it refleets how the
user actually reached a specific page of interest. Moreover. prior knowledge about the
data may help in deterining some of the parameters like the default timeout period

discussed earlier.

e Statistical Analysis
Descriptive statistical analvsis (.o, [requeney. mean. variance...ete) can be
performed on the session file variables such as page views. viewing time and
length of navigational paths. The ontput of applving statistical methods could
be determining the most frequently accessed pages, average viewing time of a
page. average length of navigation paths to a specific page. or the most common
imvalid URL Despite its lack of depth. the output of statistical analysis can oc-
casionally help in reorganizing web content. making better nmarketing decisions

and enhancing svstem performance and security.
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e Sequential Pattern
Sequential pattern discovery mining |21 is concerned with finding inter-session
patterns such that the presence of a set of items is [ollowed by another item
I a time-ordered set of sessions. Each access record in the log file ncludes
the time of access. so that when preprocessing the dara. these timestamps will
he attached 1o their sessions. Discovering the sequeatial patterns allows the
organization to predict the users” next click, which is vital information to tailor
advertisements to that specific user or eroup. One example of sequential pattern

discovery output could be that:
"0 of users. who bought bookl. also bought book.2 after 10 days”

This could mean that these two books ave related (like heing two parts of one
novel). so oflerine a deal for botl books could he worth consideration. Another
example could be to find the common characteristics of all users interested in

"Bookl" in the period "NMav Ist- Mayv 15th".

e Path Analysis
Path analysis methods [20] ave concerned with representing the website as a
eraph. and then determining the most frequently visited paths. The most obvi-
ous eraph is obtained by representing the physical Tavout of the website, where
the pages are the nodes. and the hvperlinks as divecred edges. Other graphs
mav represent the edees as the number of users going Ironn one page to another

or the similarity such as in [23]. or using Markov Chains [25]. or using special

trie-like structures such as the WADP-tree |26, An example of the output of
path analvsis could be:

"I of clicnts who accessed e web site started from the page company news "

This means that the page  company news is the first page that most visitors
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access. Henee, making sure that it links 1o all other pazes might be a good idea.

Association Rule Mining

Association rule discovery |19 2] is concerned with finding the associations
among data items. where the preseuce of one item i a session inplies (with
a certain degree of confidence) the presence of other items. In the Web Usage
Mining context. this refers to the set of pages accessed together by a single user.
Note that taese pages are not necessarvily related via hvperlinks. An example
of an association rule might be:

"GO of users who aeccssed the mps player page. also accessed the sports page”

This means that both pages are related. even though they probably are not
linked via hvperlinks since they ave in ditferent departiments. so this indicates

the need to have hyvperlinks between the two pages.

Classification

Classification is the process of mapping a data item into one of several pre-
defined classes [22]. T the Web Usage Mining domain. this means creating a
set of profiles for users who have similar characteristies. Creating the profiles
requires selecting the features that best deseribe the properties of a given class
or catcgory. These features could be demographical information such as age.
location. sex...ete. or they could be access patterns. Classification is also called
Supervised Learning since the classes are know in advance. An example of a
classification rule could he:

"0 of uscrs who purchased wnomps player are in the 18-25 age group and live
i the East Coast"

This rule suggests that creating a special offer for all users between 18-25 olds

15



who live in the East Coast might be a good plan.

Clustering

Clustering is the process of dividing data items into groups called clusters. where
all the items i one cluster are more "similar” 1o cach other than anv other
items in the other clusters, This is sometimes called Unsupervised  Learning.
since neither the number nor the characteristics are known in advance as in
Classification. I the Web Usage Mining context. this means grouping all the
users with similar characteristios (age. sex. access patterns |20 6l...et¢) in a
single cluster. Clustering can facilitate the development and execution of future
marketing strategies. such as dvnamically changing the content of a website

hased on the users” hehavior or demogeraphic properties as in [9].
o

This thesis uses a modified version of a clustering algorithm called Hieravchical Unsu-

pervised Niche Clustering (HUNC) algorithin [6]. 10 discover evolving profiles. HUNC

Is discussed in Section 2.1

2.3.3 Patterns Analysis

After discovering the interesting usage patterns on the webo thev arve analyzed

with specialized tools o better understand then. The analyvsis tools are a mix of

ditferent fields neluding staristics. oraphics. visualization and database querving.

Visualization can offer a successful mean 1o help people better understand and

study various kinds of output. [18] developed the WebViz tool for visualizing web

access patterns. The Web s represented as a directed graph where nodes are the

pages and edges are the hvperlinks, The access patterns ave used to formulate a web
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path, and the nser ol the tool can analvze any portion of the web site. and see how
users are moving from one page 1o another.

On-line Analvtical Processing (OLAP) is a powerful tool that provides strategic
analvsis. using the data in data warchonses. for the purpose of aiding in meeting busi-
ness objectives. Mulri-dimensional data is represented as a data cube. and this allows
the near instantancous analvsis and displav of Targe amonnts of data. Access logs
can be seen as multi-dimensional and they arow rapidly over time. Henee, OLAP can
be applied to better analvze and understand usage patterns. An SQL-like guerving
mechanism has bheen proposed for WEBMINER [19]. and it provides a simple way to

extract informarion about association rules. For example the guery

SELECT association-rules(A*Bx)

FROM log
WHERE date >= 01/01/07 and domain = "com" and support = 2.0

will extract all association rules in the ".com™ domain. that are after Jan Ist 2007,
Lave a support ol 2 percent. and contain the URLs A and B. Other sophisticated

pattern analvsis tools have heen proposed. such as MINT in [26].

2.4 HUNC

HUNC is a hierarchical version of the Unsupervised Niche Clustering (UNC) al-
gorithim. UNC is an evolutionary approach to clustering proposed by Nasraoui and
Krishnapuram in [14]. that exploits the svinbiosis between clusters resulting from web
usage mining and genetic biological niches in nature. UNC uses a Genetie Algorithim
(G [16] to evolve a population of candidate solutions (user profiles) through gener-
ations of competition and reproductions. UNC has proven to be robust to noise and
makes 1o assumptions about the mumber of clusters. However, UNC was formulated

based on an Euclidean metric space representation of the data.



Table 2.1: Log File Sample

trial left2.htm

HTTP,/1.07

IP Address Time Method/URL/Protocol Status Size Agent
67.99.46.111 [01/Jan 2007:00:20:05 -0500) “GET favicon.ico 404 206 “Mozilla/5.0 (compati-
HTTP .17 ble;Google Desktop)”
6551, 1%&. 116 {01/ Jan 2007:00:56:45 -0500] “GET ‘robous.ixt 101 2R3 “msnbot /1.0 (—http://search.
HHTTP 1.0 msn.con; msnbot.htu)”
65.54. 188,146 [0 Jan 2007:00:56:15 -0500] “GET arwild0l/ 404 202 "msnhot/ 1.0 (+http://search
HTTP 1.0" .msn.com; msnbot.itm)”
65.11.237.191 {01/ Jan/2007:01:01:15 -0500] ~GET rjmil- 404 314 “Mozilla /4.0 {compatible;MSIE 6.0;
fol “fo1 “txt . fm38599. Litml Windows NT" 5.1; SV )”
HTTP:1.1"
74.6.131.201 [0L/Jan 2007:01:55:52 -0500] “GET Jindustrial 301 324 “Mozilla/5.0 (compati-
HTTP - 1.0" ble:Yalhoo! DES
lurpshittp:/ 7 help.yahoo.com/help/ usy
vsearch/slurp)?
74.6.131.201 {01 Jan 2007:01:55:53 -0500] SGET  industrial, 200 61& “Mozilla/3.0(compatible:Yahoo! DI
HTTP, 1.07 Slurp: htip:/Shelp.valico.com/help
/us/ysearch/sharp)”
74.6.131.201 [01,Jan 2007:01:55:59 -0500] “GET indus- 200 8371 *Mozilla/H.0(compatible:Yahoo!

DESlurpihitp:/ /help.yahoo.com/

help/us/ysearch/slurp)”

HUNC gencrates a hierarchy of clusters which gives more insight into the Web

Mining process, and makes it more efficient in terms of speed. HUNC does not need

to know the number of clusters in advance like in most clustering algorithms (e.g.

KMecans), can provide profiles to match any desired level of detail. and requires no

analytical derivation of the prototvpes. Moreover, HUNC calculates the similarities

between web pages based only on the user access patterns rather than content.

2.4.1 Preprocessing the web log file to extract user sessions

The access log file is the raw data used to discover the user patterns/profiles. Each

visit to a web page by cach user is stored as a log entry; each log entry consists of

information about that particular access such as the access time, IP address, URL

page. etc. Table 2.1 shows an example of such a file.
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The fivst preprocessing step is cleaning the log file. This is done by removing any
entry that is an outher or doesn’t contribute 1o the mining process. These entries
include: result of an ervor (indicated by the ervor code). reguests with method other
than "GET". and record accesses 1o image files (suflix is jpeg. .gif.ete).

The next step in preprocessing is mapping cach URL on the server to a nnigue
number oo 10N, where N, is the total number of valid TRLs: the URLs are
extracted from the log file. Le. they are not hard-coded or known in advance. Then.
Hser sessions are created. N nser session s a series of requests originating [rom the
same I address within a predefined time period. The 7 user session is encoded as

an N, ~dimensional binary veeror s, with the following property |2]:

I il nser aceessed URL j during session i
0 otherwise

The set of all sessions is denoted as S.

2.4.2 Assessing Web User Session Similarity

Dividing the sessions into cliusters is done based on a similarity function that
determines low nuch a session is similar to another. When this function is defined.
the clustering process can he done by combining similar sessions iuto one clister.
The similarity measure in HUNC relies on 1wo sub-micasures 2], The first measure is
givenr by

N (ke
Zi.xlbz’ i

O = (:
\ \*\\ v QI/") \ \—‘4\ . S(/:

o
—
—

2ui=15 ) 2ui=1 %
This is 1he cosine siilarity between the two sessions. Looking at the nominator

shows that the similarits inercases as the number of common URLs increases. The
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denoninator helps in normalizing the valiue so 10 will he hetween [0-1). This nica-
sure reflects how shuilar the sessions ave. bhut it completelv ignores the hierarchical
organization ol the web sites For example. when the URL is - products product A con-
paved to prodacts product B0 will result in zero stiilarity becanse thev are different
URLs however they are in the same catesory (produetst. so thev are similar,

This s motivated developing the second sub-measure which takes into aceonnt
thie synractic representation of URLs tuto acconnr. A shnilarity measnre between two

URLs was delined as follows |2}

[
S

.. N . ( :(}")" }J '
SA gy =nun L -
o omarthomaor( n, .§g;{j;} - 1}

Where p; denotes the path traversed from the root node to the node representing the
! . s . . .. . . ]
UL and iy represents the Tength of this parh., The sinilarity on the session lovel

s defined by correlating all the URL atcribnres and their shmilaritios in two sessions

as [ollows:

e N N L
5 "
P

The problem with this shnilarite measure is that it uses soft URL level similarities.

If two sessions are identical then So, o simplifies to

which is a small value depending on the nuber of URLs accessed. Whereas Sy g
for the same sessions will e equal 1o 1. For this reason. a new shuilarity that takes

advantage of horh 5 and S5 is defined as follows {2]:



Thix similariry is mapped to a dissimilarite ieasure. for nse in clustering 2]

Fholy =10 = Sy (2.6)

2.4.3 The HUNC Algorithm

JHUNC 6] recaisively vepeats the exeention of UNC at dillerent levels ol the li-
erarchy to get profiles ac different fevels. Le. the profiles at level 1 have more details
than the profiles at level -]

HUNC stops ruuning when some predefined threshold values are reached. Three

threshold valies are nsed:

Vo Martmwmn vwmber of Tiicrarehy Tecels L, A arbitrary vadue which depends

on the level of detail needed m the profiles.

20 Mt ollowed cluster cardiality N o This threshold value vepresents the
minimun size alowed for o cliuster. because a low cardinality elnster, e, cluster

with snrad! munber of URLs. miav not be interesting,

3. Minimuns allowed scale oy, o This threshold value represents: the maximal
variance or scale ol the profile when deciding whether to split it at the next

level. A large seale means that the profile is more diverse.

HUNC"s psendo code is presented i Algorithm 1



Algorithm 1 11UNC

INPUT: sessions , L,q.0,-Vapiir @and a

OUTPUT:-Distinct User profiles (a profile = set of URLs and scale ;)
-Partition of the user sessions into clusters (each session is

assigned to closest profile)

START HUNC
Encode binary session vectors;
Set current resolution Level L = 1;
Start by applying UNC to entire data set w/ small population size;
//This results in cluster representatives /. and corresponding scales o,
Repeat recursively until L = /,,,, OR all cluster cardinalities .\, < Ny
or all scales a7, < gy,
Increment resolution level: L =1L + 1;
For each parent cluster representative [/’ found at Level (L-1):
IF cluster cardinality .N; = N, OR cluster scale o; > 7, THEN
Reapply UNC on only data records 1; assigned (i.e. closest)
to cluster representative /};
END HUNC

2.5 Evolving Profiles

Most vescarch in web mining has focused primarily on developing applications
hased on data collected from the web usage logs. web strucerure. and web content Tor
a particular Lime frame. The resulis of such applications would represent only the
wsers” belavior. web content. and web structure ar that thne. However: the nature
of the Web is dvnamic in terms of user behavior. weby strueture. and web content.
The changes ocenr either rapidly or slowlv, For example. on news chanuels. the data
clianges every hour. whereas i an cucvelopedia like Wikipedia most o the content
does not change very rapidly.

Web usage data changes have caprred a lot of attention because they refleet the
user’s perspective of the web as opposed to the creator’s perspective. which malkes
web isage mining a more interesting eld from a business perspecetive. The changes
in web usage arve the result of more than one factor. such as changes in web content
atd structure. social. econoniical. political changes. and other factors,

This thesis is concerned with developing a framework that captures thie changing



behavior of nsers on the web over time. and represents these changes through aset
ol evolving profiles thar ave good representatives of 1he users” activities al any given
fine.

Althongh a Lot of researeh las heen conducted on Web Usage Mining. only very
fow efforts have studied the dviamic nature of users” behavior, |8] studied the evoly-
g nature of the web where the Wely was represented as a directed graph. Each node
represented awely page and the hyvperhnks were represented by the edges. The graph
was analyzed at three levels: single node which studied the single node properties
across dillerent vime periods. Sub-graph swhich studied the properties and interaction
of i ser of nodes. and the whole graph level which studied 1he properties and juterae-

tiou for all pages. A mmore general study i | 13] addressed the issue of Tearning evolving

concepts. which are concepts that gradually change over time. The approach used
different methodologios 1o maintain a set of representative examples dervived Trom past
experience, amd it nsed aging and forgerting mechanisins to manage the examples,

|7] Proposed i new scalable clistering merhodology that is inspired by the uatural
nnnune svstem's ability 1o adapt to adyvamic environent. The wely server playved
the role of the human hody. and the incoming requests plaved the role of new viruses,
while a Dyvnamie huunuie Learning svstem plaved the role of the mmune system
that continnonsly performed an intelligent orcanization of the ihcoming noisy data
into clusters. This svstem showed an ability to handle a dyvnamic environment. and
still required modest wenmory and computational costs,

Novehev |1 preseuted amethod for gradual forgetting. that assigned a weight
to cacll traiming exaunple according 1o its appearance over time. This weight was up-
dated over thne. so that when it reached a miniimun chreshold. it wonld be forgotten.
Novehey applied this method on the drifting of users” interests. A feature selection
mechanisim is used to idemifv the important fearures 7o aouser. e an explicit user

profile. Then a probabilistic approach nsed these profiles for recommendation. For-
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getting weights were cmploved on the featnre ocenrrence in thme. which reflected
the feature significance estimation. The experiments showed an hmprovement in the
recerey of nuser’s proliles and i the reconnmendations.

[12] proposed a framework 1o deal with the changing tature of the Web: it repeat-
edly mined the web log data in new time periods. and tracked how the discovered
profiles evolved, aud then categorized this evolution based on predefined categories:
birth (completely new trends). deatly (trends that lave vanished). atavism (trends
that disappear [or & while. then reappear againd. persistence (trends that reocenr in
conscentive time periods). and volatility (trends thiat go through birth then death
then re-birth throughont the time periods). Profiles were categorized by keeping all
listoric profiles. and then comparing the new profiles with the older ones. Each pro-
file was assigned ascale that represents the amount of variance of the sessions around
a cluster center. This seale was used to determine the houndary around cach cluster.
and thus determine if two profiles were compatible. After a set of new profiles have
been discovered. they are compared against the historic profiles. and based on the
compatibility hetween rhe profiles. they will be categorized. Morcover, |12] enriched
the discovered user profiles with the following facets: Scarcl queries submitted to a
scarch engine before visiting the web site. inquiring compauies of the users whose [
address is mapped in thar particular session. and the Tuquired companies who have
been nquired about during the session e thar particular profile. These facets may
be used further in classifving the profiles. and may present potential businesses bene-
fits. However. this approach did not actuallv apdate the profiles: i just fracked their
evolution throngh different time periods. Moreover, the detailed information about
the profile quality was not maintained.

In contrast to [12]. the framework proposed in this thesis does apdate the profiles.
Thus. only distinet sessions will undergo the pattern discovery process i subsequent

time periods. Tt is therefore a more scalable approach. Also. during the updating, all



the common old TRLs are emphasized by updaring their relevance. while new TURLs
can also be added to the profile. Hence. looking ar the updared profiles throngh
different time periods can give more detailed information about how they have really
evolved.

9] studied the effect of session and document siimilarity measures on the mining
process and on the interpretation of the mined patterns i the harsh restrictions
wiposed by the “vou only get to see it once” coustraint on stream data mining. The
study also proposed a similarity measure that couples the advantages of hoth the
coverage and precision measures. The study applied the stream mining algorithin
TECNO-STREAMIS from [17] in the context of mining evolving Web click-streams.
The TECNO-STREANIS algorithm had the advautages of scalability. robustness and
antomatic scale estiiation. New data is generated as a strcam. and it is processed
i just a single pass. while a stream syvnopsis is learned and evolved. consisting of a
set of chister representatives with addirional properties sich as spatial scale and age.
The size of the synopsis is constrained. so as 10t 1o conprise too mwany clusters, and
preference is given to more recent arrivals in the data streann in occupying svnopsis
nodes. 9] also presented an innovative strategy to evaluate the discovered trends
nsing some special metries. and a visualization wethod thar showed the hits for high

precision and high coverage over time.
2.6 Scalability

Scalability is concerned with the ability of a svstem or a process to handle a
srowing antount of work over time. In the context of web usage mining. scalability
means the ability to discover or update the usage patterns of users based on new
incoming web logs [7]. Sinee for some web sites sueh as Yahoo.com and Wikipedia.com
the usage traftic is huge. making the size of log files extreniely large. the scalability

of any web usage mining algorithim is a necessity for many real-world situations.
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ot



The hnge size of web usage data presents a real challenge to HUNC and other
conventional chistering rechimiques becanse these methods assume that all the data
cair reside inomain metory. The framework presented i this thesis handles the
scalability issue of web usage mining i an elficient wav, When a new web log file is
available. 1t will be preprocessed and converted to a session file. Then the session file
is compared against the existing profiles. and these profiles are updated accordingly.
The updates are done based on how similar the session is or how accurately it is
represented by some current profile. After the profiles are updated. only distinet
sessions. Leo sessions that are nor close enough to any of the existing profiles. will
undergo the pattern discovery process. Since the users” hehavior changes gradually.
unless the whole content of the website Las changed. the distinet sessions will only
form a limited portion of all the new sessions. As a result. HUNC will still he able to
handle a laree nmmber of incoming web logs efficiently. henee hecoming scalable,

In the scenario where even the log file is too big to fit in the menory to process,
the proposed framework can split the file into a nmmber of batches hased on pre-
defined criteria. Then cacly hatel will go through the preprocessing phase, and the
distinet sessions will he accunmlated into one file for all the hatches, Again. under the
assiunption that rhe users” behavior changes eradually. new profiles will he discovered

onlv from these distinet sessions.
2.7 Summary

Chapter 2 introduced an overview of web usage mining. its wethods. steps, awd
applications. Also. the sources of usage dara and some of the issues related to obtain-
ing them were discussed. The TTUNC algorithin, swhich will bhe used i the proposed
framework. was also presented. Chapter 2 presented the notation of wely nse profiles.
and scalability was introduced as an important requiremnent for any techuique aiming

al analyzing real-world web nsage nining data.



CHAPTER 3

METHODOLOGY

Lu chiapter 20 we reviewed some of the rescaveh in the web mining field. and how
most existing methods do not even address the notion of change.  Fven the few
approaches that tried 1o caprure and handle the changing nature of the web. were
concerned with studving the changes done on users” behaviors over a period of time
[L2]. but failed to utilize this change divectly to maintain and develop the evolving
profiles.

On the other hand. the approach proposed in this thesis discovers the usage pat-
terns over different periods of time. and captures the changes made to the patterns.
The old profiles” contents and properties ave updated as new data arvives, aid only
the distincet web log data (e, data that is not close enongl to any of the existing
profiles) will undergo the data mining process. which makes this approach scalable
and more cfficient in rerms of complexity and resource nsage.

When updating a profile. the interesting URLs -that ave common between this
profile and the new user sessions- are emphasized by npdating their relevance (how
many users accessed this URT i relevance with the total number of users in this
profile). Also the brand new URLs in the session are added to the profile (with the
frequency of occurrence overall). Thus. the updated profile reflects more detailed

information about how the nsers” behavior changed over time.



3.1 Overview of the Proposed Methodology

The web usage mining process is traditionally done in several steps with only few
variations. The steps can be sunnnarized below:

Lo Retricee the uscrs activities vepresented as log files stored on el seroers.
2. Preprocess the log files to remove any orrelevant data.
. Discover the usage patterns using o wel usage minimg algorithm .

Lo Interprel ihe discovcred patlerns Cand optionally wse them for e ullimate purpose of

mniny. Like a recommendation systeimn ).

The traditional main steps above have been used to discover usage parterns within
one spectfic period of time. but thev can arguably be reapplied periodically on the
web data to ey to capture the changes in navigation patterns. However, there are

sone concerns using this approach.

e Reapplving the steps periodically can either be performed on the whole historie
data including the newlv coming logs. or only on the new log files. The former
approach weakens the ability of new usage trends to be discovered hecause their
weight would be too small compared to old trends which would have gained
strength over time. The latter completely forgets all previons patterns which

mayv 1ot be reasonable or efficient.

e The second issue is scalability, Sinee a usage data stream can grow to be huge,
tryving to discover the new behaviors from the accumulated log files cach time
will require significant computational resources. and could even he impractical

or impossible for websites with huge traffic.
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e The changes in the usage behaviors are not captured in detail, i.e. we do not
know how users changed in their behavior. Even though the evolution of an
entire profile might be monitored as in [12] and classified, knowing which URLs

have changed or became more interesting was not enabled.

To overcome the above issues. this thesis adds two additional steps. The modified
pattern discovery process is shown in Figure 3.1. and can be summarized, assuming

that we start with a set of initial (seed) profiles mined from initial period, as follows:

L. Preprocess the new web log data to extract the current user sessions.

2. Update the previous profiles based on the similarities with the ertracted user

sessions,

3. Re-apply clustering to the distinct user sessions (i.e. the ones not used in step
2 to update the previous profiles) using the Hierarchical Unsupervised Niche

Clustering (HUNC) algorithm.
4. Post-process the distinct (new) profiles mined in step 3.

3. Combine the updated profiles with the distinct profiles to create the new seed

profiles for future mining.

6. Interpret and evaluate the discovered profiles (and optionally use them for the

main purpose of mining. like in a recommendation system).

-

7. Go buck to step 1

Figure 3.1 shows the pattern discovery process in three different time periods: the

initial time, T1. and T2. The initial period is the first time the web logs are mined,
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Figure 3.1: Proposed Pattern Discovery Process Flowchart
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and since there are no historic profiles, all the sessions are considered distinct and
they are all used to generate the first seed of profiles.

After the initial period, all the steps above are executed on subsequent time periods
Ty, T3, Ts..etc. At each time period T;, the profile seed from the previous period T;_; is
used in the updating process. Then the distinet profiles are created using the distinct
data from T; and combined with the updated profiles to create the profile seeds which
will be used as the seed for time period T;,;. and so on.

The URL file from 7;_, is used in 7; . which means that the list of all URLs is
augmented each time that new URLs appear in the new data. The reason for this
is to keep consistent indexing of all the URLs in the website throughout all the time

periods.

3.2 Preprocessing the logs

During pre-processing, the web log files are cleaned by removing all irrelevant
elements such as images, requests from search agents, and unsuccessful requests. Re-
moving irrelevant accesses is necessary because these elements will affect the accuracy
of the discovered patterns, and they will add an overhead to the computational and
mMemory requirements.

Access requests for images are considered irrelevant because the images are typi-
cally embedded in a web page, and every time that the web page is requested, these
images are requested automatically. Hence, these images do not represent the user’s
browsing behavior or interests.

Search engines send their web crawlers periodically all over the web to obtain
information about web sites, and to index this information to be used in searching.

Hence, a web log file will contain many requests from these web crawlers, and these
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entries should be removed since they do not represent an actual Human browsing
behavior. A heuristic for removing these requests is by looking for a set of arbitrary
keywords like in the “Agent” field, such as “bot” to recognize these requests, or by
observing the time difference between subsequent requests. A small time period like 1
second means that the user did not even view the page, so it is most likely a crawler.

After removing irrelevant entries, the page requests are grouped into units called
sessions. Each session represents all the pages visited by a particular user within a
predefined period of time. The sessions are represented as binary vector as shown in
section 2.4.1.

Moreover, a URL index is created that includes all the URLs accessed in the web
logs. This index is kept through future pattern discoveries and is always updated to
reflect new URLs in the web site. Finally. a matrix of all URL-to-URL similarities,

based on Eq. (2.2). is kept. This matrix is used when clustering the sessions.
3.3 Updating profiles

During this step, the new usage sessions will be used to update the old profiles,
and only the distinct sessions will undergo the next step of discovering the new pro-
files/trends. The old profiles contribute to the evolving profiles from the last pattern
discovery runs. The distinct sessions are the sessions extracted during preprocessing,
and which were not used in updating old profiles because they were not found to be
“similar" enough to any profile.

Before explaining how profiles are updated, we describe some important properties
that describe profiles and sessions. A profile P, is a vector representation of the cluster
X;, which is a set of user sessions that are more similar to each other than to the

t

sessions in other clusters. The profile is represented as P, = (Py, .., Pin,)" where

P,; is the relevance weight of URL; in cluster i, and is estimated by the conditional
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probability of accessing URL; during the sessions assigned to the cluster X;

Py=p(s\ =1 e x,) = (3.1)

Xy = {s® € X;|s! > 0} (3.2)

| Xi;| is denoted as NV;; in the following discussion. The relevance weight determines
how much a URL is significant to a profile.

A profile P; has a cardinality N; which is the number of sessions that are closest to
the cluster X; ., i.e. N; =|X;|. The cardinality does not necessary reflect the number
of users represented by the profile P; . since a user can have more than one session
assigned to the same profile, which means that profile P; represents the behavior of

that specific user. The equation above can be re-written as:
) (3.3)

Profile P; has a scale measure ¢} that determines how much the sessions in cluster
X; are dispersed around the cluster representative. The scale measure can be found

using
N o2
2 Ej:l uijdij
i N
D Wi

Where w;; is a robust weight that measures how typical a session x; is in the cluster

(3.4)

X;.

wi; =€ 207 (3.5)

where dfj is the distance between session x; and the cluster center for X; as given by
Eq.(3.7).

The scale measure o7 can be seen as a radius of the profile, and the more similar
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the input sessions are to the profile. the smaller ¢7. Moreover, based on the robust
weight w;; it is possible to detect outliers which will have small weights, thus offering
a means of distinguishing between good data and noise.

The similarity between a session S and a profile P can be assessed using the Cosine

Similarity between two sets as follows:

[P NS|

Simees(P, S) = ZRE

(3-6)

Where |P| is the number of URLs in profile P, and |S| is the number of URLSs in
session S. The cosine similarity increases as the profile and the session share more
common URLs, and it is normalized to be in the range [0-1].

The similarity between sessions S and profile P is mapped to the dissimilarity or
distance:

ds p = (1 = Simees(P, S))? 3.7)
S,

Another measure of similarity called Robust Weight Similarity, will be used in the
experiments, where we use the weight of a session defined in Eq.(3.5) with respect
to the profile and compare it against a threshold value. The advantage of using the
robust weight would be that the weights are normalized by the scale of each cluster;
hence, thev are less sensitive to the threshold, and they also depend on the profile.
Profiles with smaller scales will be more strict in matching and vice vers for large-scale
profiles.

One important issue when finding the similarity between a profile and a session
is to consider only significant common URLs. The URLs in the profile are thus first
compared to a threshold value P,;,. and only URLs that pass this threshold values
will be considered toward the count of similar URLs that will be used in finding the
Cosine Similarity or the Robust Weight Similarity. Thresholding URLs is necessary to

filter out the effect of potential outliers that might divert the profile from its accurate
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and natural development. However, a too strict thresholding might cause discarding
important updates to profiles in their infancy. Hence, choosing the right threshold
value is vital. Updating the profiles can be summarized in algorithm 2.

Update_Profiles compares each session with all the old profiles, using the similar-
ity between the session and each profile. The closest profile is chosen and its similarity
is compared to a threshold value Sim,,;, and, if it exceeds this threshold value, then
it will be updated. Otherwise the session will be classified as distinct.

Only the closest profile is updated in this approach, even though more than one
profile might be close to the session. This approach is called the hard or crisp updat-
ing, where the session is a member of only one profile. An alternative approach based
on soft or fuzzy memberships could allow a session to be a member of more than one
profile. In this case, all profiles that are close to the session should be updated. There
is a trade-off depending on which membership to use. A soft membership is expected
to cause the coverage to increase, since the session will be represented in more than
one profile. However, a higher coverage will almost always cause a lower precision,
since the profiles would become more general and thus less detailed or accurate. A
hard membership represents higher precision and lower coverage. From a business
perspective, a hard membership means that each user is mapped to exactly one pro-
file, making more detailed information about his behavior available, whereas, a soft
membership will map each user to more than one profile, making more cross-product
recommendations possible, at the risk of losing detailed information about the user’s
behavior.

In the UpdateProfile procedure, first the cardinality of the profile is incremented
by one because the profile is accepting an additional session. Second, the URLs in
the session are compared to URLs in the profile, and if the URL from the session is
in the profile, then its weight is incremented because this URL is now found in an

additional session. If the URL from the session does not exist yvet in the profile, then



Algorithm 2 Update Profiles

Input: The set of all new sessions S, , The seed profiles P(N,'J-,Ni,a?)

1

Output: The set of distinct sessions Sy, The updated profiles seed P,

1 Update Profiles (S,,P)

2 {

3 For each session S in S,

4 {

5 Compute Sim(S,Py) for all current profiles P
6 Find P, that is closest to S
7 If Sim(S, Py) > Simu, then

8 UpdateProfile(P;. S)

9 Else

10 Add S to Sy

11 }

12 }

13 UpdateProfile (F;.S)

14 {
15 For each URLjin P
16 {
17 If URL; in Session S then
N;i+1
18 Py =F5T
19 Else v
20 Pij - ﬁ
21 ¥
22 For each URL, in S but not in P,
23 {
24 Add URL; to P;
1
25 Pi = w71
26 ¥

27 Compute d2,,. = (1 — Sim(P;. S))?
o Ni+d?,,

2 T

28 Update profile variance: o] = NI

30 Update the End-Date of F; to the last date of last access in S,
31}
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it should be added, and its weight will be initialized. This weight will be low at the
beginning because this URL is only in one session, however it should increase with
time if this URL is interesting. All the URLs already in the profile, but that do not
exist in the session will maintain their weight, but this weight will decrease slightly
since the profile cardinality has increased.

Each profile contains a starting date and ending date, which reflect the period of
time that this profile covers. This is important to keep track of which profile is most
recent and which one was not recently updated. During the updating process, only
the ending date is updated to reflect the date of the last access in the web log being
processed. These dates could be used further during maintenance to identify which
profiles become obsolete and should be archived.

Finally, the variance of the profile should be updated. As shown in line 28 in
algorithm 2, the variance is an incremental version of the ratio of sessions’ distance to
the profile divided by the profile cardinality. Since the profile acquired a new session
now, the new session’s distance (d2,,) should be added to the variance. The weight
of each new session is considered to be 1 (unlike the variance definition in Eq.(3.4)),
since we are already restricting only very similar sessions to update the profile (thus
outliers are eliminated).

The complexity of Algorithm 2 is

O(N, * |P| x Max(|[URL|p,

URL]s)) (3.8)

where N, is the number of new sessions, |P| is the number of profiles, |URL|p is
the maximum number of URLs in a profile, and |[URL|s is the maximum number of
URLs per sessions.

Furthermore, we exploit the fact that Web sessions are extremely sparse (typically

<10 URLSs per session) as well as profiles, especially when applying a threshold on



URL significance. Hence, the maximum number of URLs is typically < 10. Moreover,
the number of profiles tends to be small because only strong profiles are mined at
any period. In the cleaning process discussed later, obsolete profiles can be deleted
as well. Thus, the number of sessions is what really affects the performance of the
updating algorithm. However, an important thing to remember is that updating of
the profiles will most likely be done offline, so that it does not add any overhead in

real-time.
3.4 Discovering distinct profiles

After updating old profiles, the new user sessions are analvzed so that new usage
patterns can be discovered. These new trends may represent a potential new inter-
esting market niche, or a radical change in the current market needs and behavior.

After the old profiles have been updated, only distinct sessions will undergo the
pattern discovery process. The HUNC algorithm described in Section 2.4, is used to
discover the new patterns, and the output will be denoted as the new profiles.

The output of the pattern discovery process at period (t) is a set of new clusters

or profiles that are represented as a set of URLs. Each cluster has a variance measure

o? , cardinality measure N;, sum of weights, and a density or fitness. The variance
o? is defined in Eq.(3.4), the cardinality is the number of sessions assigned,/closest to
this cluster up to period (t) and is donated as N; as described in Section 3.3. The

Density f; of Profile i is defined as:

N;
Z Vi W
=1 Wy
fi=~5— (3.9)
g;
where w;; given by Eq.(3.5).
Since the distinct sessions are only part of the original sessions, the HUNC run time

and resource usage can be reduced, which increases the scalability of this approach.
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Figure 3.2: Sample Profile
Profile: 9, Num.URLS: 11, Cardinality: 58
StartDate: 30/Jan/1998:17:30:33 , End Date: 04/Feb/1998:13:37:34 ,
Variance: 0.0857
{0.98 - /courses.html}
{0.98 - /coursesi00.html}
{0.96 - /courses_index.html}
{0.82 - /}
{0.74 - /cecs_computer.class}
{0.34 - /courses300.html}
{0.20 - /courses200.html}
{0.17 - /courses_webpg.html}
{0.12 - /"joshi/courses/cecs352}
{0.10 - /courses400.html}
{0.10 - /people.html}

3.5 Post-processing the distinct profiles

The purpose of post-processing is to formulate the discovered patterns in a way
that is understandable by humans, and is usable by higher-level applications.

The post-processing phase is the same as in HUNC, and it will be applied only
on the newly discovered clusters. During the post-processing phase, each URL is
mapped to the closest cluster. The set of all URLs in the same cluster constitutes a
profile. A relevance weight is calculated for each URL as in Eq.(3.5), and the profile
variance and cardinality are calculated as well - which are the same as in the cluster.

A sample profile is shown in the Figure 2.7. This profile contains 11 URLs,
represents 58 sessions. and reflects the web activity between Jan 14th 1998 and Feb
4th 1998. Note that the profile variance is relatively small (0.0857), which means that

the URLs are very close to each other.
3.6 Combining profiles

In this phase, the updated profiles and the newly discovered profiles are combined

into one set of profiles that will serve as the new seed of profiles for the next pattern
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discovery period.

Also in this phase, statistics about the pattern discovery process are collected,
such as the number of updated profiles, the number of newly discovered profiles, and
the number of distinct sessions. These statistics help in monitoring the performance
of the discovery process, and in analyzing the output. For example, they can answer
questions such as:

“During which period did the browsing behavior change the most?"

“Did changing the content of the website in period T1 change the users’ behavior?"
3.7 Interpreting the profiles

The main purpose of web usage mining is to discover interesting information from
raw data in web access log files, and to utilize this information in meeting some
business or information organization goals. Thus, after summarizing the browsing
behavior of users in the form of profiles, these profiles could serve as the input to
higher-level tools that can analyze the usage patterns and make conclusions that help
in the decision making process. The analysis tools draw on a mix of different fields
including statistics, graphics, visualization and database management. Visualization
can offer a successful mean to help people better understand and study various kinds
of output.

The proposed framework generates well-formulated profiles that contain informa-
tion and statistics about the profile and its contents. Some of the information is
descriptive and can be used directly in higher level application. This includes the
start and end date of the profile which mark the time period that this profile rep-
resents, as well as the list of URLs in that profile. Other types of information are
mathematical, and are necessary to put the profile in perspective with other profiles,
and each URL in perspective with other URLs in the same profile. This information

includes the profile variance, profile cardinality, and URL weights. These statistics
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are normally used when trying to decide which profile best represents a specific user,
and which URLSs are the most significant.

There are also some other pieces of information that are gathered for each pat-
tern discovery cycle, and used for a higher level analysis of the profile evolution and

interaction. For each cycle, the following statistics are collected:

1. The number of distinct profiles created in this cycle, which reflects which period

witnessed the most and least radical changes in user behaviors.

2. The number of static profiles , which are the profiles that did not get any new
updates from the previous cycle. This might signifv the presence of out-dated

profiles (since no new session matched them).

3. The number of distinct sessions, which could be used in evaluating the scalability

performance of the usage discovery process.

3.8 Profile Maintenance

During the updating process, a few properties could be changed in the profiles:
New URLSs might be added, existing URL weights may change, and profiles variances
may get updated. However, over time, some of the profiles or the URLs may become

obsolete and should be omitted for several reasons:

e Profiles are too old and they have not been updated for a long time, so they do

not represent interesting and recent usage patterns.

o URLs were removed from the web site, so keeping the URLs might have caused

directing the users to non-existing pages.

e The URL relevance weight is too low, and it is not improving. This means that
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this URL is not gaining any interest from the users, which could be because it

is old, not accessible, or it appeared only once and disappeared.

o The profile represents only a small number of sessions, which is not cost effective

from a business intelligence perspective.

o A profile is becoming too general, as indicated by a very high variance. In this
case, the profile no longer represents a set of very similar user sessions. Hence

it is of poor quality.

The existence of these obsolete profiles and URLs may cause the output of the
pattern discovery to be inaccurate and misleading, and may even result in the dissat-
isfaction of users, in case the profiles are used to compute recommendations (e.g. a
user might be directed to a non-existing or unrelated page). Moreover, these obsolete
profiles add to the overhead in computations during the updating process.

Profile maintenance should be conducted in order to get rid of all obsolete pro-
files, and to make sure that the profiles are accurate, compact and up to date. The
maintenance could be done by checking the profiles against some threshold values for
the profile variance and URL weight. Given a maximum profile threshold ¢,,,, and

a minimum URL weight P,;,, Algorithm 3 can be used for maintenance.

The complexity of the maintenance algorithm is O(|P| * Maz(|URL|p,,)), where
|P| is the total number of profiles, and [URL| is the number of URLs in a profile.
Both these values are relatively low. Besides the profile maintenance algorithm can
be executed offline, so that maintenance does not add an overhead to computations.

One important thing to notice about maintaining profiles is that the URL weights

are compared against the threshold value before comparing the profile variance against
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Algorithm 3 Profiles Maintenance
1 Profiles Maintenance (P,y)

2 {

3  For each profile F; in Py
4 {

5 For each URL; in P
6 {

7 If Pz‘j < Ppin Then
8 remove URL;

9 }

10 Update o;

11 If 0; > omar Then

12 archive B

13 }

14 }

the threshold. This is important since deleting URLs will change the variance. Hence,
after these deletions, the profile could become more interesting.

Algorithm 3 is pretty straightforward. However some important issues need to be
addressed. The first issue is what threshold value to use; while the second issue is
deciding when to run the profile maintenance algorithm.

Choosing the right threshold value is usually done by trial and error, and is
domain-dependent. The profile variance represents how much a profile is dispersed,
i.e. how different the covered sessions are from this profile. The variance value is in
the range [0-1], so a high variance might mean that this profile covers a wider set of
sessions, e.g. the profile contains accesses to URLs from different departments in an
on-line store. A high variance is not desirable since it might be a result of a diversion
of sessions from the original profile seed during updates, or it could signify that this
profile represents two clusters, and hence it should be split in 2 profiles. On the other
hand, a lower variance means that this profile contains sessions that are very similar
to the profile. This is more desirable since it means that the profile is from a very
compact cluster /group of users that truly represent a homogeneous interest.

Hence, choosing a threshold depends on the high-level application that will uti-

lize the profiles; a news website might prefer more detailed profiles (so the variance
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threshold would be low). On the other hand, an on-line store might occasionally pre-
fer more general profiles for more cross-products recommendation between different
departments (so the profile variance threshold value would be higher).

Another observation is that profiles are archived and not deleted. This means that
those profiles that become inactive (no more sessions are similar to them) can still
be useful when conducting some analysis on the profiles evolution over a longer time,
and could be compared with active profiles to identifv any similarities that might
indicate a behavior group that was lost for a while and then came back.

The URL weight represents how much that URL is significant in the profile. The
weight value is in the range [0-1]; a higher weight means that it is more significant,
i.e. more sessions accessed this URL. Again, choosing a right threshold value is a
domain-dependent task, so if the recommendations are required to be compact and
accurate like in recommending a book, then choosing a high threshold is desirable.

A more complex issue is deciding when to run the maintenance algorithm. During

the process of updating profiles in section 3.3, some new URLs will be added to

1

N1 hence, the

the existing profiles, and their weight will be set to a small value
maintenance algorithm would most likely remove these newly added URLs.

Moreover, in the process of discovering new profiles in Section 3.4 completely new
profiles are created. and their variance might not be desirable, which might cause
the maintenance algorithm to remove these newly created profiles. However, in both
scenarios above, the newly added URLs might gain more weight over time so they
would become interesting, and the newly created profiles might change their variance
to a desirable value given time. Therefore, the timing of maintenance is crucial since
it might cause the loss of an interesting and premature profile or URL.

Asin choosing the threshold values, choosing the right time to run the maintenance

algorithm is not trivial. A heuristic rule is to run it periodically with enough time in

between, so that the profiles and URLs will have enough time to develop and stabilize.
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Even in the scenario where a URL is created just before the maintenance time, and
even if it was deleted, then, if it was really interesting, it will be added again and
might gain weight in the next cycle.

Choosing the right time period is domain-dependent. A news website would prob-
ably perform the mining on a daily or even hourly basis since new URLs are added
every hour. On the other hand, an on-line store would probably run its maintenance
every month, with new events (e.g. introducing new products), or when marketing

campaigns are started.

3.9 Summary

The proposed methodology, for mining and tracking evolving user profiles, was
presented in Chapter 3. The main steps of tracking evolving users’ behavior were
discussed. These are: preprocessing new usage data, updating current profiles based
on the new usage data, discovering usage profiles only from distinct usage data,
post-processing the newly discovered profiles, combining updated and discovered pro-
files, and interpreting and evaluating the final profiles output. Moreover, Chapter 3,
proposed a maintenance algorithm that is necessary to keep the discovered profiles

accurate, compact, and up to date.



CHAPTER 4

EXPERIMENTS

To evaluate the performance of the proposed framework, it was used to discover
the usage patterns from real web sites. Two web sites were used: University of Mis-
souri’s CECS department’s web site, and University of Louisville’s library website
(library.louisville.edu). For each web site, a set of evolving usage profiles were ex-
tracted, and their quality was evaluated using a set of metrics. This chapter starts
by defining these evaluation metrics in Section 4.1, then discusses the different pa-
rameters that will be used and their configurations in Section 4.2. Section 4.3 will
discuss the experimental configurations. The results for each web site are presented

in Section 4.4 and Section 4.5.

4.1 Evaluation Metrics

The output of the knowledge discovery process is a set of profiles, each of which is a
set of URLs with additional metrics. Some of these profiles can be evaluated manually,
by visiting its URLs and tryving to determine whether these links are related or might
represent a plausible usage trend. However, this evaluation can be subjective since
what makes one user go from one page to another might be different from other users.
Besides, it can be hard or even outdated to visit each URL for large profiles especially

once URLs change location and content.
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Table 4.1: Evaluation Metrics Summary (t = time period index)
I Evaluation Metric T Notation rDesired Value ’ RangeJ

Profile Variance o? Low [0-1]
Profile Cardinality Nt High 1-N;
Matching Sessions - High 1-N,

Profiles Count - High [1-N4]

Profiles Pair-wise Similarity | Sime,s(P;, P;) Low [0-1]

Profile Density Dt High [1-00]

Also, it is not enough that the profile “descriptions” are plausible, since an addi-
tional criterion is that the profiles form good “clusters”. A good clustering result is
one, where data in the same cluster are very similar, while being dissimilar from data
in other clusters. Another way to express this is that the clusters (or profiles) should
be compact and separated. Thus, a more reliable and accurate method is to use a
set of objective evaluation metrics to assess the quality of profiles. Table 4.1 lists the
evaluation metrics and their expected ranges to be described in the next sections in

detail (N is the number of sessions in the data).

4.1.1 Profile Variance

The profile or cluster variance (sigma) was defined in Eq.(3.4), and reflects how
much the sessions in that cluster are dispersed. The profile variance is normalized
in the range [0-1], and its value approaches 1 as the sessions in the corresponding
cluster get further from each other ( i.c. are less similar to each other). Hence, a
lower profile variance is desirable, because it means that the sessions are closer to
each other, i.e. the usage patterns for these sessions are similar, and this in turns
attests to the quality of this profile.

The profile variance is proportionally related to the dissimilarity (difference) be-
tween the session and a profile. As the dissimilarity increases (i.c. sessions gets further
from the cluster’s core), the variance will increase. The dissimilarity was defined in

Eq.(3.7). The cosine similarity can be redefined using the dissimilarity as:
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Figure 4.1: Cosine Similarity vs. Profile Variance

Similarity vs Variance
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Simees =1 —Vd (4.1)

or it can be written in terms of the profile variance:

Simcos = 1 — /0 (4.2)

Figure 4.1 shows the relationship between the profile variance and the cosine
similarity. A low variance will result in high similarity between the session and the
profile, hence higher quality. For example, a profile variance value of less than 0.1
will result in a cosine similarity close to 0.7, which translates to the fact that the
profile and the session share almost 70% of their content, which indicates a pretty
good quality. A higher profile variance value like 0.5 will translate to only 30% of

similarity between the profile and the session, which indicates lower quality.

4.1.2 Profile Cardinality

The profile cardinality is the number of sessions assigned to the corresponding
cluster. A higher cardinality means that this profile is more popular and interesting.

However a higher cardinality profile might also be a result of the “default” cluster
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that captures all the “noise” in the data, which are sessions that are too different to
form any strong and consistent usage patterns. When sessions are assigned to clusters
based on similarity, many of these sessions end up with 0 similarity to all clusters
(i.e. non-matching sessions), and end up lumped to the last cluster by default. As
a result, this big cluster also ends up with a very high variance . The fewer “good”
clusters that are discovered, the more non-matching sessions will fit this category and
the higher the cardinality of this cluster. The cardinality will further be normalized
to a percentage of the sum of all profile cardinalities, and will be used as a heuristic
when comparing profiles variances, because comparing profile variances with close
cardinality makes more sense.

When the profile gets updated, its cardinality is increased to reflect the number of
new sessions that matched the profile, as shown in Algorithm 2. Hence, the cardinality
of a profile at any given time is the sum of sessions that the profile acquired up to
and including that time period. The cardinality N} of a profile P; at time period ¢

can be written as follows

NE=Y"nd (4.3)

where 7/ is the number of sessions identified to be close to the profile ¢ at time j.
Furthermore, for evaluation purposes, the accumulated cardinality is normalized by

the sum of all profile cardinalities at time period ¢. Thus, it can be defined as follows:

Nt
Z\P\ Nt

where | P| is the total number of profiles.

(N )norm = (4.4)

4.1.3 The matching vs. distinct sessions

Capturing the changes in usage behavior is done by first updating the existing
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profiles based on the matching sessions from the new logs, and then discovering the
patterns from only the new (distinct) usage sessions. The matching sessions refer to
the sessions that matched an existing profile and are used to update the properties
of that profile, while the distinct sessions are the ones that are not close enough to
any of the existing profiles, and therefore they are used to extract new profiles.

The percentage of matching sessions will represent how restrictive the discovery
process was. A high matching percentage (low distinct percentage) might indicate
that sessions that are not very similar were used to update the profiles, which can lower
the quality of these profiles. However, this is not the case all the time, because a very
high quality profile might also match a large number of very similar sessions simply
because of the distribution of sessions. Moreover, a larger number of matching sessions
affects the performance of the pattern discovery algorithm, since only a smaller part
of the original log file will undergo the re-discovery process. This is one of the major
advantages of the proposed framework over the traditional discovery process of all

logs at once.

4.1.4 Number of profiles

After each discovery process, some profiles are created and some are updated.
Tracking these numbers can give an insight about which time periods have witnessed
changes in usage behavior, and what were the trends. Three types of profiles are

defined:

1. Discovered: a profile that is completely new, and was generated from the “dis-

tinct” sessions during the current batch or period.

2. Static: a profile that has already existed from the last time period, but was not

updated by any new sessions in the current period.



3. Updated: a profile that has already existed but was updated by the new “match-

ing” sessions in the new period.

Tracking the number of profiles and their types over the evolution periods can
reflect the overall usage trends of the users. A high number of discovered profiles may
indicate that the usage patterns have drastically changed from previous times, which
for example, would trigger the business need to capture these changes and develop
marketing strategies to satisfy this new market.

A large number of static profiles might indicate that there was little change in
the usage patterns, or that these profiles are becoming obsolete and no longer reflect
the current activity. A large number of updated profiles is a good indication that the
profiles are of good quality, since many sessions are still matching them.

However, making conclusions based only on the profile numbers and their types
may be inaccurate, since the number of profiles and their types depend on the pa-
rameters used like the similarity threshold value. For example, a high threshold value
would result in a larger number of discovered profiles and fewer updated profiles;

whereas a lower value would increase the number of updated profiles.

4.1.5 Profile Pair-wise Similarity

A strong evaluation of the profile quality is to compare each profile with all other
profiles, and determine if they are similar or not. A large number of very similar
profiles indicates a poor clustering result, so our aim is a smaller number of similar
profiles. The Binary Cosine Similarity defined in Eq.(3.6) will be used for comparing
two profiles instead of a profile and a session. The similarity will be mapped to the
dissimilarity measure defined in Eq.(3.7).

Since most profiles are not completely different from each other (they can share
some URLs), a threshold value will be used to count the number of profiles that are

too similar to each other. The value of 0.01 will be used as the threshold value, i.e.
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if the difference between two profiles is less than 0.01 then the profiles are considered
similar. The value of 0.01 in the difference means a similarity of 0.9 between profiles

as given in Eq.(4.1).

4.1.6 Profile Density

The profile density is another quality metric for describing profiles, that was de-
fined in Section 3.4 as the sum of session weights divided by the profile variance.
The weight of each session is now considered to be 1 (unlike the variance definition
in Eq.(3.4)), since we are already restricting only very similar sessions to update the
profile (thus outliers are eliminated). Hence, the profile density (D!) at time period

t can be defined as follows:

N

D?:

2

(4.5)

Q
N

i
where N} is the profile cardinality (i.e. the number of sessions that are assigned
to or have updated this profile) up to time period (t).

The profile quality generally increases as its variance decreases, as discussed in
Section 4.1.1, and a higher cardinality is also desirable as discussed in Section 4.1.2.
Hence, the profile density D! combines two quality metrics, and since it increases
when cardinality is high and variance is low, then a high value for the density is
desirable and indicates a high quality profile with high compactness (low variance)
and more importance (high cardinality).

The advantage of using the density metric is that it considers two important
quality metrics in combination. Using only the profile variance o7 , alone, to judge
the profile quality is not sufficient, since a profile with very few similar sessions might

have low variance, but that is not necessarily desirable if profiles are to represent mass

user patterns. Moreover, using only the cardinality (N}) is not accurate, because a



large cardinality might be a result of the “default” cluster which acquires all non-

matching sessions regardless of their homogeneity.

4.2 Parameter configuration

The pattern discovery process depends on a number of parameters that affect the
usage profiles and their quality. Varying the number and values of these parameters
would help in determining the best configuration to be used, and help point out
the weaknesses and strengths of the proposed framework. Only the most important
parameters will be discussed in this thesis. Other parameters could be studied in the

future.

4.2.1 Method of discovery

The first method of discovery is denoted as the “ Evolution” mode, where different
batches of data are processed and profile evolution is tracked through these periods.
The second method is denoted as “ Traditional” pattern discovery mode, which accepts
all the web logs at once, and tries to discover the profiles in one shot. Therefore to
emphasize the importance and scalability of the evolution mode discovery, the profiles
discovered through “evolution” should be compared against traditional 1-shot profiles.

The profiles discovered in the traditional mode are expected to be of higher quality,
since all log data are mined in one shot. Hence, each session will be compared to each
other session during all time periods, and based on these similarities the profiles
will be created. However, in the evolutionary mode, the session is only compared to
all sessions in a single time period. The latter approach is more realistic since real
website log data comes in batches with time (like data streams), and there is no way

to know what the new logs would be.



4.2.2 Method of matching profiles

This parameter determines which similarity measure is used when comparing a
new session to existing profiles, and deciding whether this session is close enough to
this profile. The two methods that will be used are the Binary Cosine Similarity
defined in Eq.(3.4), and the Robust Weight Similarity which is defined in Eq.(3.5).

The Binary Cosine Similarity depends primarily on the number of common URLs
between the profile and the session, whereas the Robust Weight Similarity goes further
by being more sensitive to the profile’s variance as well. A profile with lower variance
(typically indicating high quality) is more restrictive in matching, so as to maintain

its quality.

4.2.3 Similarity threshold

For both methods of finding the similarity between a profile and new sessions, a
threshold value (Simun), is used to control the strength of matching and thus the
quality of resulting profiles. If the session is similar enough to a profile, i.e. the
similarity is more than the threshold, then it will be used to update the profile (i.e.
if Sim(S;, P;) > Simm, then update F;).

Choosing the right threshold value (Sim,,) can be done by trial and error. A
higher threshold value leads to more restrictive and higher quality profiles. However,
if it is too high, then too many “similar” sessions will fail to match existing profiles
and will be forced to contribute to the re-discovery of new profiles. This in turn would
lead to “duplicate” or redundant profiles that keep getting re-discovered. Choosing
the threshold value is also domain-dependent. For example, an on-line encyclopedia
might prefer more accurate and restrictive profiles than an on-line store, since an
encyclopedia aims to direct users to accurate and specialized sources of information,
while the on-line store would prefer the users to browse through more products even

though they may be less similar to the initial product that the user was looking at
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(in hope of cross-selling).

For the Binary Cosine Similarity, two values are chosen: an average threshold of
0.3 and a more restrictive value of 0.5. For the Robust Weight Similarity, two values
are also chosen: an average value of 0.3 and a more restrictive value of 0.6. These

values were chosen based on some trial an error and historical results.

4.2.4 URL weight threshold

A URL significance weight threshold is used in two phases of the discovery process
to make sure that only significant URLs are taken into account when comparing
profiles. The first phase is in the post-processing phase in HUNC discussed in Section
3.5, where profiles are generated from the clusters discovered during the pattern
discovery process in Section 3.4. The threshold value is applied to make sure that
only URLs that are significant enough in the cluster are selected in the final profiles.
This is needed to filter out any weak URLs which might risk affecting the profile
description.

The second phase where the URL significance weight is used, is in the profile
updating algorithm (Algorithm 2), where only significant URLs in the profile are
compared to the current sessions to calculate the Binary Cosine Similarity or the
Robust Weight Similarity. This is also necessary to make sure that an accurate and
reliable update is done on profiles. Despite thresholding URLs when creating profiles,
weak URLs might still find their way into the profile if they were part of a lengthy
session with many URLs, that is used to update the profile.

However, the use of a URL weight threshold may introduce a critical trade-off,
because on the one hand, the threshold will help prevent infrequent URLs from af-
fecting the updating of profiles, but on the other hand, it risks discarding important
updates to the profiles in their premature stage (i.e. while still weak). This is be-

cause URLs may start with low weight, particularly relative to the rest of the well
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established URLs in the profile, and then might gain more weight over time, however
using thresholding risks discarding them in the early steps.

As for the previous threshold values, choosing the right value is domain-dependent
and can be done based on trial and error. Two URL weight threshold values are used

In our experiments: an average value of 0.04 and a more restrictive value of 0.1 .

4.3 Experimental Configuration

The four parameters controlling the discovery of the usage patterns are shown in
Table 4.2 with their different values. For the URL significance weight threshold, the
term URL _TH will be used, for the Binary Cosine Similarity threshold, the term
CosSim_TH is used, and for the Robust Weight Similarity threshold, the term
RobWT TH is used. Each parameter configuration will generate an experiment

and its resulting evaluation metrics.

Table 4.2: Experimental Configuration
| Method | Matching Criteria [ URL_TH | CosSim_TH [ RobWT _TH |

Evolution Binary Cosine 0.04 0.3 -
0.04 0.5 -

0.1 0.3 -

0.1 0.5 -

Robust Weight 0.04 - 0.3

0.04 - 0.6
0.1 - 0.3
0.1 - 0.6

Traditional - - - -

The HUNC algorithm is used to discover the profiles from distinct sessions. Table
4.3 shows all the HUNC parameters and their values. Changing the values of these

parameters might affect the resulting profiles quality. But they were chosen based



Table 4.3: HUNC Parameters

[ Parameter Definition I Value l
Min. Card. The smallest allowable size of a cluster 20
Min. Card. to Split If cardinality of a cluster is less than this, it will not be split 30
Var. Threshold to Split If cluster’s variance is less than this, it will not be split 0.1
Var. Factor Factor of variance used as threshold for within niche distance in mating restriction 0.5
Min. Fitness Crossover Threshold to identify valid individuals when restricting mating of good individuals from different niches 1000
Max. Num. of Levels Maximum number of levels of hierarchical clustering 8
Population Size The initial population size used in the genetic algorithm 20
Crossover Probability The probability of performing crossover (per pair of individuals) 0.9
Mutation Probability The probability of any bit of a chromosome being mutated 0.000005

on previous experiments on many website logs. Since this thesis aims to study the

changing usage behavior over the web, and not the performance of HUNC, these

parameter values will be the default values for all experiments.

4.4 Experiment 1: University of Missouri

4.4.1 The Dataset

This log data was collected from the CECS Department’s website of the University
of Missouri during a two-week period, from January 22nd 1998 until February 4th
1998. There were 32,770 access requests done during that period, grouped into 1704

sessions. To track the usage changes, the logs were divided into four batches:

e Thursday, Jan 22nd - Sunday, Jan 25th : 7,015 access requests (21.41%), 326
sessions (19.13%)

e Monday, Jan 26th - Friday, Jan30: 15,126 access requests (46.16%), 746 ses-
sions (43.78%)

o Saturday, Jan31-Sunday, Febl: 2,972 access requests (9.1%), 197 sessions (11.56%)

o Monday, Feb 2nd - Wednesday, Feb 4th : 7,657 access requests (23.33%), 435
sessions (25.53%)



The data was cleaned during the preprocessing phase as described in Section 2.4.1.
Figure 4.2 shows the percentage of “bad access” and “good access" requests. Bad
access requests include irrelevant and noise requests from search engines requests and
requests that resulted in an erroneous status code. Good access requests are the
remaining non-error generating requests.

Figure 4.2, shows the importance of the cleaning steps in the preprocessing phase,
because all these bad requests would have adversely affected the profile discovery.
Typically graphics requests may amount to 3-4 graphics per page or more (e.g. back-
ground picture, top banners, etc), that is why they end up being the majority of

requests.

Figure 4.2: Missouri: Access Requests

Access Requests

Table 4.4 shows the list of all profiles (after processing the last batch (Feb2-Feb4))
that resulted from mining this dataset. These profiles are the result of using Robust
Weight Similarity with threshold value of 0.6, and URL threshold value of 0.1. The
second column shows the total number of URLSs in each profile, however for illustration
purposes, only URLs with weight greater than 0.1 are shown. URLs were sorted in a

descending order by the URL significance weight.
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Table 4.4: Missouri: Final Profiles for RobWT (0.6) and URL TH(0.1)

Profile | Url# | Card | Variance Content

0 22 63 0.1542 /courses_index.html, /courses100.html, /courses.html, /, /cecs_computer.class, /courses200.htmi, /courses300.html,
/courses_webpg.html, /degrees.html,

/cecs_computer.class, /people_index.html, /people.html, /faculty.html, /degrees.html, /grad_people.html, /staff.htmi,
0.230874
1 29 |68 /degrees_grad.html|,

/~shifcecs345, /~shi, /, /people.html, /people_index.html, /faculty.html, /~shi/cecs345/Lectures/04.html, /cecs_computer.class

2 40 | 46 0.268294 /~shi/cecs345/Projects/1.html,

0.592878 /~c697168/cecs227/left.html, /~c697168/cecs227, /~c697168/cecs227/head.htmi, /~c697168/cecs227/main.html,
3 231 | 223 - /~c697168/cecs227/handouts.htmi,

0.116559 /courses.html, /courses_index.htmi, /courses100.htmd, /, /cecs_computer.class, /people.html, /people_index.html,
4 22 57 : [faculty.html, /general.html, /index.html,

0.165445 | /courses_index.html, /courses100.html, /courses.html, /, /cecs_computer.class, /courses300.html, /courses200.html,

5 1
9 |68 /courses_webpg.html, /courses400.html,

0.193953 /people_index.html, /people.html, /faculty.html, /, /cecs_computer.class, /grad_people.html, /staff.html,

6 28 |52 : Jundergrad_people.html, /research.html,

7 9 78 0.115836 | /, /cecs_computer.class, /research.html, /~searc, /degrees.html, /general.html, /general_index.html, /facts.htmi,
0.079423 /~joshi/courses/cecs35, /~joshi/courses/cecs352/slides-index.html, /~joshi, /~joshi/courses/cecs352/environment.html,

8 13 | 88 : /~joshi/courses/cecs352/outline.html,
0.110454 /~joshi, /~joshi/sciag, /~joshi/research.html, /~joshi/sciag/logo.html, /~joshi/sciag/intro.html, /~joshi/resch/papers.htm|,

9 10 38 /~joshi/dbrowse,

0.325243 [faculty/springer.html, /people_index.html, /faculty.html, /people.htmi, /faculty/keller.html, /faculty/chen.html,

10 53 |36 [faculty/plummer.htmi, /faculty/palani.html,
0.1091 /~shi/cecs345, /~shi/cecs345/java_examples, /~shi/cecs345/Lectures/06.html, /~shi/cecs345/Lectures/07.htmi,
11 12 | 53 : /~shi/cecs345/Lectures/05.html,

1 3 4 0.016306 | /~yshang/CECS341.htmi, /~yshang/W98CECS345, /~yshang,

/~saab/cecs333, /~saab/cecs333/private, /~saab/cecs333/private/lecture_programs,

13 19 |44 0.0502 ~saab/cecs333/private/textbook_programs, /~saab/cecs333/final.html,
0.051113 /~c697168/cecs227, /~c697168/cecs227/main.html, /~c697168/cecs227/left.html, /~c697168/cecs227/head.html,
14 17 | 48 ' /~c697168/cecs227/labs/main.html,

15 4 28 0.0218 /~manager/LAB/motif.html, /~manager/LAB/tin.html,

16 6 2 0.556638 | /access, /access/details.htmi,

17 24 | a0 0.143885 | /~saab/cecs333/private, /~saab/cecs333, /~saab/cecs333/private/assignments, /~saab/cecs333/private/lecture_programs,

0.2141 [cecs_computer.class, /courses.html, /courses100.html, /courses_index.html, /degrees.html, /degrees_undergrad.html,
18 17 | 61 . /degrees_index.html, /bsce.html|,

19 30 110 0.708612 | /~joshi/courses/cecs352, /~c697168/cecs227,

0.242 /~joshi/courses/cecs352, /~joshi, /~joshi/courses/cecs352/proj/overview.html, /~joshi/courses/cecs352/proj,
20 8 56 : /~joshi/courses/cecs352/slides-index.html, /~joshi/courses/cecs352/outline.htmi,

/~shi/cecs345, /~shifcecs345/java_examples, /~shi/cecs345/references.html, /~shi/cecs345/Lectures/07.html, /~shi,
21 9 57 0.1266 /~shifcecs345/Lectures/09.html,

/, /cecs_computer.class, /~saab/cecs333/private, /~saab/cecs333, /~saab/cecs333/private/assignments, /courses.html,

22 .
8 250 | 0.8325 /courses_index.html, /courses100.html,
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4.4.2 Profile Variances

To study how the profiles variances change over time, and hence how their quality
changes, the variance for each profile in each time period was plotted against time, in
Fig.4.3 when using Binary Cosine Similarity to match profiles with sessions. A plot
for each different configuration is used. The profile numbers in the legend are ordered
(in a descending order) based on their cardinality percentage (i.e. the cardinality of
the profile divided by the total cardinalities of all profiles at the last batch).

A low profile variance is desirable since it means that its assigned sessions are
closer to the profile. Hence, if the profile variance decreases over time, then this
profile can be considered to be improving and gaining quality. Fig.4.3(a) shows that
profiles are generally decreasing in variance over time, especially the ones with higher
cardinality (such as profiles 11, 15, and 3). This means that as these profiles capture
more sessions, and they improve in quality over time. Profile number 19 seems to have
high variance and high cardinality which is not desirable, however it was discovered
only at the last time period, so over time, it might get improved. The low-cardinality
profiles (like 7, 9 and 14) show an undesirable behavior, which is an increase in their
variance, however these represent only a small portion of the sessions, so they are
naturally sensitive to even small changes resulting from a few new sessions.

Fig.4.3(b) also shows a similar behavior to Fig.4.3(a) with the difference that
the number of profiles with high cardinality and high variance is smaller. Thus, the
majority of profiles have lower variance which is more desired. Thus, using a more
restrictive URL weight threshold (0.1) before matching resulted in better quality
profiles (as expected).

Figs.4.3(c) and (d) show similar behavior where the profile variances does not
change much over time. However, the main difference was in the total number of pro-
files generated. Fig.4.3(c) has more profiles than Fig.4.3(d). So changing the URL

threshold didn’t affect the quality as much when using a more restrictive similarity

60



threshold of 0.5. The majority of profiles in Fig.4.3(c) and (d) have low variance

which is good, but they are not improving over time, which means that these config-

urations are highly sensitive to the initial profiles, in contrast to the configurations

in Figs.4.3(a) and (b) where variances did change over time. This is probably be-

cause the high similarity threshold makes it very hard for the new period’s session to

“match” the existing profiles. Thus they remain more stable compared to when lower

similarity thresholds were used.

Figure 4.3: Missouri: Evolution of Profile Variances (Binary Cosine Similarity)
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Fig.4.4 shows the profile variances over time when using the Robust Weight Sim-

ilarity. Figs.4.4(a) and (b) show a low number of discovered profiles, low overall
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variance, and stable variance over time. A low number of profiles means less diversity
(i.e. more general profiles). So the change in the URL threshold did not seem to
affect the variances, it only changed the number of discovered profiles. This seems to
be a different behavior from using the Binary Cosine similarity where changing the
URL threshold resulted in better quality profiles.

Figs.4.4(c) and (d) show a similar behavior to Figs.4.3(a) and (b), where the profile
variances showed improvement over time. However, they have the advantage that even
the lower cardinality profiles retain a constant variance over time. This desirable
behavior is due to the fact that the Robust Weight Similarity is more sensitive to
the profile variance, i.e. it is naturally more restrictive when the profile has lower
variance, thus “shielding” even the vulnerable small profiles from noise.

Using a more strict Robust Weight Similarity threshold as shown in Figs.4.4(c)
and (d) has resulted in more profiles than in Figs.4.4(a) and (b), i.e. more “detailed
profiles”. Another conclusion can be drawn from this figure is that the URL threshold
value did not really affect the quality when using the robust weight threshold, whereas
it had more effect when the cosine similarity was used. So based only on Fig.4.3and
Fig.4.4, using the more restrictive Robust Weight threshold value has resulted in
higher quality and detailed profiles. However we need to also look at the “rest” of the

metrics like the inter-profile similarity before making a judgment.

To study the overall quality of the profiles, some aggregate metrics were calculated
during all the time periods. Fig.4.5 shows the minimum, maximum, average, and me-
dian variances of the profiles at the end of evolution: Fig.4.5(a) shows the aggregates
when using the Binary Cosine Similarity, while Fig.4.5(b) shows the aggregates for
Robust Weight Similarity.

The overall trend regarding the aggregates in both charts seems to be similar,

where the average and the median variances maintained similar levels. However the
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Figure 4.4: Missouri: Evolution of Profile Variances (Robust Weight Similarity)
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maximum variance decreased significantly when the similarity threshold was lower
(0.3 in both CosSim and RobWT), and increased when the similarity threshold was
stricter (i.e. using higher values of 0.5 in CosSim and 0.6 in RobWT for matching
new sessions to old profiles). A general conclusion can be drawn that the URL
weight threshold did not affect the aggregate variance metrics. In contrast to the
maximum variance, the minimum, median and average variance seemed to decrease
with stricter matching thresholds. Hence, a stricter matching results in an increase in
the maximum variance and decrease in the minimum variance. This can be explained
by the fact that stricter matching allows only “very” similar sessions to update most

“good” profiles, resulting in profiles of better quality (lower variance). However, this
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Figure 4.5: Missouri: Profiles Sigma Aggregates
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increased strictness will cause more new sessions to fail in matching most profiles and
thus end up in the big “default” cluster that acquires all the heterogeneous sessions,
which tends to have maximum variance, thus increasing its variance even more.

The difference between the two results in Fig.4.5 is in the value of the maxi-
mum variance; while the minimum, average, and median variances change very little
(Fig.4.5(a) has a narrow range of values for the maximum variance (0.7-0.8) whereas
Fig.4.5(b) has a wider range (0.4 - 0.8)). This means that using the Robust Weight
similarity can result in a set of profiles where the maximum variance is around 0.4
(when the similarity threshold is 0.3), so all the profiles are essentially of good quality.
However, going back to Fig.4.4, the profiles generated in this case were too general ,
i.e. only a few generic profiles were created, and they maintained their variance over

time which makes them more sensitive to the initial profiles discovered.

4.4.3 Profile Evolution

The number and type of profiles discovered during the evolution gives an overall
picture of the changes in behavior trends. Distinct or newly discovered profiles indi-

cate a radical change in browsing behavior, while static profiles indicate low traffic
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or obsolete profiles, and updated profiles indicate more stable representative profiles
and/or similar browsing behavior by users.

Fig.4.6 shows the percentages of each type of profiles for each time period during
evolution when using the Binary Cosine Similarity for matching. The initial time
period (period 1) always results in all distinct profiles since there are no profiles from
previous time periods.

During period 2 (Jan26-Jan30), the profile percentages are almost the same for
all configurations. Almost 80% of profiles are distinct which means that the usage
behavior in this period may have changed by 80%. This might be due to many
reasons: the initial data from Jan22-Jan25 was from Thursday to Sunday, with half
of it on a weekend, so the traffic was low, and it might not be the best initial period
to use. However, over time, profiles will evolve and eventually represent more typical
everyday web usage patterns.

During the weekend in period 3 (Jan31 and Feb01), the traffic was the least, and
the profile percentages were almost the same for two configurations Fig.4.6(b) and (d),
where about 40% of the profiles remained unchanged because of low traffic, while 40%
of the profiles got updated, and only 20% of the profiles were newly discovered. In
contrast, the configuration in Fig.4.6(a) shows that about 20% of profiles are static,
75% got updated and 5% were newly discovered. The large number of updated
profiles could be explained by the lower threshold value for similarity, which allows
more sessions to be matched to existing profiles and cause more profiles to be updated.
Fig.4.6(c) is similar to Fig.4.6(b) and (d) but with fewer static profiles.

At the end of evolution (period 4), the changes between different configurations
became more apparent. Fig.4.6(a) has the highest percentage of updated profiles
(about 80%) due to the lower similarity threshold (0.3). Fig.4.6(b) has more balanced
profiles because it has a stricter similarity threshold. Fig.4.6(c) and (d) are similar

to each other where the updated profiles are about 60%. Moving from Fig.4.6(c) to
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Figure 4.6: Missouri: Profile Counts (Binary Cosine Similarity)
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(d), the similarity threshold gets more restricted. However the percentage of updated
profiles stayed the same which is the opposite of what happened with Fig.4.6(a). But
this behavior can be explained by the more strict URL threshold, which ensures that
higher quality profiles are generated, and hence even if the similarity threshold is

loose, weak sessions will not be matched to these profiles.

Fig.4.7 shows the percentages of profile evolution when the Robust Weight Sim-
ilarity was used. The profiles show more dynamic changes in profiles percentages
compared to Fig.4.6that used the Binary Cosine Similarity.

Fig.4.7(a) shows that the percentages of profiles are the same for all time periods

(except the initial time since they were all distinct). Using this configuration, only
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four profiles were developed: one of them remained the same, while the other three
were updated during all time periods. The low similarity threshold is the reason for
having a low number of profiles, because a new session can easily be matched to any
of the existing profiles, and hence old profiles get updated instead of new profiles
being discovered. The variances for these profiles are low as shown in Fig.4.4, but
they are more general, and sensitive to initial data.

Fig.4.7(c) has also resulted in a low number of profiles (6 profiles), but some
profiles were discovered during the evolution such as in period 2 (Jan26-Jan30). So
even though the similarity threshold was low, the restricted (compared to Fig.4.7(a))
URL weight threshold caused some of the sessions to not match the existing profiles,
and hence created more new distinct profiles.

Fig.4.7(b) and (d) are close in their behavior and they have many more profiles
developed than previous configurations. During the second time period, about 75%
of profiles were newly discovered, which is similar to Fig.4.6(b) and (d), and can also
be explained for the same reasons , such as low traffic during weekend in the initial
data. In the next time period more than 60% profiles remained static, which is also
because that traffic was during the week end. The last time period witnessed more
updated profiles and some static and distinct profiles, which is more typical of usage

behavior and means that profiles are of good quality.

4.4.4 Matching vs. Distinct Sessions

The percentage of sessions that matched profiles to the sessions that were not
close enough to any of the profiles is an important indication about how strict the
matching process was. Fig.4.8 shows the percentage of matching sessions during all

evolution period for both similarities matching methods (CosSim and RobWT). For
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Figure 4.7: Missouri: Profile Evolution (Robust Weight Similarity)
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simplicity, the similarity threshold was joined on one axis for the two methods of
matching.

A general trend for both methods is that the percentage of matched sessions is
high when the similarity threshold is low (0.3), and is low when a stricter threshold is
used (0.5 for CosSim and 0.6 for RobWT). This has an intuitive explanation, which
is that a lower similarity threshold allows more sessions to be matched with existing
profiles. Another thing to notice for both methods is that the URL threshold value
had a minimum affect on the matching percentage: when using 0.1 as URL threshold
the percentage is slightly decreased compared to using 0.04. So in general, the URL
weight threshold is not significant when it comes to sessions matching percentage.

The RobWT method causes more changes in the percentage of matching sessions,
when changing the similarity threshold, than the CosSim does. In fact, it goes from
80% when using 0.3 as threshold to only 15% when using a 0.6 threshold. In contrast,
CosSim went from 20% when using 0.3 threshold to about 9% when using 0.5 thresh-
old. This is also due to the sensitivity of RobWT to the profile variance. Since using
both threshold values for RobWT result in overall low variance profiles as previously
shown in Fig.4.4, these profiles would show more resistance to accepting different
sessions, and hence, for a high similarity threshold of 0.6, they will not match new

sessions as easily as the CosSim would.

A more detailed view of the distinct and matching sessions is seen in Fig.4.9, where
the percentages of both the distinct and matching sessions are shown during all time
periods for each parameter configuration, when using the Binary Cosine Similarity.
It can easily be seen that the number of matching sessions is the highest in Fig.4.9(a)
and (c), and less in Fig.4.9(b) and (d). This is due to the loose similarity threshold

used in the former, and the strict similarity threshold in the latter. A higher threshold
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Figure 4.8: Missouri: Matching Sessions Percentage
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means that the sessions should really be closer to the profiles in order to update them,
so fewer sessions would match profiles.

Another observation is that the time period 3 (Jan31-Febl) witnessed the highest
percentage of matching sessions relative to other time periods. This time period
falls in a weekend, so the traffic in general is lower than week days so, given that
good profiles have already been developed, the browsing behavior would match more

profiles than it would in regular traffic.

Fig.4.10 shows the percentages of missing and matching sessions when using Ro-
bust Weight Similarity. Fig.4.10(a) and (c) are similar, and they show that the ma-
jority of sessions match the profiles and cause their update. Whereas in Fig.4.10(b)
and (d), the majority of sessions did not match any of the profiles, which results in
creating new profiles. The stricter similarity threshold (0.6) in Fig.4.10(b) and (d)
makes it hard for new sessions to match the profiles, which in turn results in the high

percentage of distinct sessions.
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Figure 4.9: Missouri: Missing vs. Distinct Sessions (Binary Cosine Similarity)
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Figure 4.10: Missouri: Missing vs. Distinct Sessions (Robust Weight Similarity)
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4.4.5 Profile Cardinality

The profile cardinality is the number of sessions that the profile represents. A
higher cardinality means that the profile is more popular and represents more usage
behavior. To compare the cardinalities of different profiles, the percentage of each
profile’s cardinality with respect to the total number of sessions is used.

Fig.4.11 shows the cardinality percentage of both the profiles with maximum and
minimum variance for the different parameter configurations. The cardinality per-
centage of the profile with minimum cardinality stays the same regardless of the
different configurations. Recall that the profile with minimum variance is the high-
est quality (most compact) profile, so it is desirable to have it with high cardinality,
however in this dataset its cardinality is low.

For the profile with maximum variance, the trends in both charts seem similar,
where the cardinality percentage is higher when the similarity threshold is more re-
strictive. However, the Robust Weight threshold causes a more drastic change in the
cardinality percentage than the Binary Cosine threshold. This can be explained by
the fact that when the RobWT threshold is 0.3 only a few profiles are created, thus
forcing one of them (the default profile) acquire all the sessions that do not match
any profile.

Another thing to notice is that in Fig.4.11(a), the cardinality percentage of the
profile with maximum variance is higher when the URL weight threshold is higher
(more restrictive), whereas in Fig.4.11(b), the URL weight threshold does not seem

to have a big effect.

To show how the profiles are increasing or decreasing in their quality, the number
of sessions assigned to the profile at each time period is tracked. Fig.4.12 shows the

cardinality percentage of each profile at each time period with the Binary Cosine
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Figure 4.11: Missouri: Cardinality of Max and Min Sigma
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Figure 4.12: Missouri: Evolution of Profile Cardinality Percentages (CosSim)
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Similarity. The cardinality of the profile at each time period represents all sessions
matching this profile up to (and including) that time period. The cardinality is always
normalized by dividing it by the sum of all profile cardinalities up to that time. The
profiles are ordered (in a decreasing order) based on their variance.

All configurations in Fig.4.12 show similar behavior where the cardinality is de-
creasing slightly over time. The normalized cardinality is affected by the number of
profiles discovered at each time period, since a large number of profiles means more

competition on new sessions, and hence lower cardinality.

Fig.4.13 shows the profile cardinalities when using the Robust Weight Similarity.
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Figure 4.13: Missouri: Evolution of Profile Cardinality Percentages (RobWT)
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All configurations show that the majority of profiles are decreasing their normalized
cardinality, except for two profiles in Fig.4.13(a) and (b). These two profiles do not
have a lot of competition (because a low number of profiles were discovered), so they
keep increasing their cardinality. However, both of them contain the highest variance
which indicates that these profiles are of low quality, and most likely are the “default”

profiles where the majority of new sessions are added.

4.4.6 Profile Count

The number of profiles generated at the end of evolution for each configuration is
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Figure 4.14: Missouri: Total Profiles Count
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shown in Fig.4.14. A common trend between both matching methods (CosSim and
RobWT) is that the number of profiles increases when a higher similarity threshold
value is used. This is due to the fact that when fewer sessions succeed to match the
current profiles (due to the higher matching similarity threshold), the distinct sessions
would be forced to generate new (distinct) profiles. Another observation is that the
URL weight threshold has minimal affect on the number of profiles for both matching

methods.

4.4.7 Profile Pair-wise Similarity

A powerful profile discovery quality evaluation metric is to find how similar the
profiles that result from the pattern discovery are to each other. If profiles are too
similar to each other, then the updating algorithm was not able to match the new
logs with the existing profiles accurately.

A difference matrix is created to find the pair-wise similarity between every two
profiles at the end of evolution. The maximum, minimum, average, and median simi-
larity is plotted in Fig.4.15, as well as the percentage of duplicate profiles. Duplicate

profiles are defined as the ones with difference less than 0.01. This translates to pro-
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Figure 4.15: Missouri: Profile Pair-wise Similarity Aggregates

CosSim: Profile pair-wise dissimilarity RobWT: Profile pair-wise dissimilarity

&
S
22

]
EREY

files who are at least 90% similar to each other (using binary cosine similarity), since
(1-0.9)2 =0.01. See Section 4.1.1.

Fig.4.15(a) shows a desired behavior where the maximum, median, and average
pairwise similarities are all greater than 0.8 which means that they are only 10% or
less similar to each other. The minimum similarity aggregate is around zero which
means that there are some profiles (at least one pair) that are very similar to each
other. The duplicate percentage is also around zero which means that only very few
number (if any) of the profiles are duplicates.

Fig.4.15(b) shows that when the similarity threshold is low (0.3) the median and
average pairwise distances are low , i.e. most profiles are only 50% different, and the
duplicate percentage is about 13% which is high compared to all other configurations.
However, when the RobWT threshold value becomes more strict (0.6), the behavior

improves and fewer profiles are similar to each other, resulting in fewer duplicates.

4.4.8 Profile Density

The profile density is a quality metric that combines the profile cardinality and

variance. A high density is desirable since it means a high cardinality and low variance
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at the same time. The profile density is calculated at each time period by dividing
the total number of sessions that belong to the profile until that time period (i.e.
cardinality at T2 is the sum of cardinality at T1 and the new matching sessions in
T1) by the variance of the profile at that time period. This means that a decrease in
density indicate an increase in variance (since cardinality at time period T2 is always
larger than or equal to T1).

Fig.4.16 shows the density for each profile at each different time period when using
the Binary Cosine Similarity as the matching criterion. The profiles were ordered (in
a decreasing order) based on their variance. For most configurations, the majority of
profiles maintain their density over time, except for some profiles which decrease as
in Fig.4.16(a) and (b). The decrease in the density means that sessions added to the
profile are not very similar to old ones, and hence increasing the variance. A stable
behavior like the majority in Fig.4.16(c) and (d) means that either the profile is not
gaining any new sessions (out-dated) or the new sessions that are being added are

not very similar to existing ones which increase the variance slightly.

Fig.4.17 shows the profile densities when using the Robust Weight Similarity.
Fig.4.17(a) and (b) show similar behavior were the profile with highest variance in-
creases its density, and the rest of the profiles maintain a stable density over time.
This means that the high cardinality profile is acquiring too many sessions (and that
the increase in its variance is not enough to affect its density). This is an example
of an undesirable high density, because this high-cardinality and high-variance profile
seems to be the “default” cluster that all non-matching sessions are assigned to. This
could not have been detected by looking only at the cardinality.

Fig.4.17(c) and (d) show more stable density over time (with some profiles in-
creasing their density). Using the high similarity threshold have caused higher quality

profiles to be discovered with a balanced ratio between their variance and cardinality.
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Figure 4.16: Missouri: Evolution of Profile Densities (CosSim)
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Figure 4.17: Missouri: Evolution of Profile Densities (RobWT)
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This consistent increase in densities may be the ultimate judge that matching using
the Robust Weights (which depend on accurate variance estimates) yields the best

quality profiles compared to Cosine Similarity matching.

4.4.9 Evolution vs. Traditional (Full run)

The last evaluation addresses the approach or mode of pattern discovery, which is
either evolutionary (the focus of this thesis), where the pattern discovery is done in
different time periods, or traditional where the full or entire usage data from all time

periods is used to discover usage patterns in one shot.
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~ Figure 4.18: Missouri: Traditional Profile Variances
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Profile variances for the traditional method are shown in Fig.4.18. The variances
stay the same during all time periods (since they do not evolve), and they are shown
at different times just for the purpose of illustration and for ease of comparison with
Fig.4.3 and Fig.4.4 (for the evolution mode). The profiles were also ordered based
on their cardinality percentage. The majority of profiles have a low variance, which
means that most profiles from the traditional method are of good quality. These
levels of quality were also found when using the evolutionary approach. However, we
can conclude from Fig.4.4(d) that the Evolution mode was able to “refine” the profiles
to lower variance (and hence improved compactness), by the end of all periods. The
maximum variance was 0.6 in the evolution mode as opposed to 0.8 in the traditional

mode (25% improvement).

Fig.4.19 shows the densities of the profiles discovered when using the traditional
discovery approach. The density represents the ration between the profile cardinality
and its variance. Profiles are order in a decreasing order based on their cardinality

percentage. All profiles are of high quality since the density is high. Some of the
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~ Figure 4.19: Missouri: Traditional Profile Density
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profiles generated using the evolutionary approach showed a comparable density as

was seen in Fig.4.17(d).

Fig.4.20 shows the maximum, minimum, average, and median profile variance with
each of the methods: Evolution (CosSim, RobWT) and Traditional (Full). The aggre-
gate metrics for the traditional method will stay the same for different configurations,
since no threshold values are used. For all aggregates, a low value is desired.

Figs.4.20(a) and (d) show that the median and average variance are always larger
using the evolutionary approach (but by only 5-10%). Fig.4.20(b) shows that the
minimum variance using the evolutionary approach is larger than the traditional
(full) approach when the similarity threshold is low, and is equal or less than the
traditional approach when a strict similarity threshold is used. This is because a
higher similarity threshold will result in higher quality profiles (i.e. lower variance).
The maximum variance in Fig.4.20(c) is similar for the traditional and evolutionary
approaches when using a high similarity threshold value, but is less when using Robust

Weight Similarity and a low similarity threshold.
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The quality of profiles resulting from traditional mining are expected to be of
higher quality since all log data is mined at once. However, the evolutionary approach
has proved that it too can discover profiles that are as good (or better) than using
the traditional method. This can be seen in Fig.4.20(b) where the minimum variance

for the evolutionary approach was less than that of the traditional approach.

Figure 4.20: Missouri: Evolution vs. Traditional Variance Aggregates
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4.5 Experiment 2: University of Louisville Library

4.5.1 The Dataset

This experiment will be conduced on a larger and much more recent dataset. The
logs were collected for requests done to the University of Louisville’s Library main
website (library.Louisville.edu).

The logs were collected for five consecutive days: from Wednesday February 27th,
2008 till Sunday March 2nd, 2008. There were a total of 364,409 requests, grouped
into 14,888 sessions. The profile evolution tracking was done on a daily basis, so there

were five time periods:

o Wednesday Feb 27th 2008: 104,794 access requests (28.76%), 4,196 sessions
(28.18%)

Thursday Feb 28th 2008: 92,446 access requests (25.37%), 3,657 sessions (24.56%)

Friday Feb 29th 2008: 70,722 access requests (19.41%), 2,919 sessions (19.61%)

Saturday March 1st 2008 : 40,834 access requests (11.2%), 1,791 sessions (12.03%)

Sunday March 2nd 2008: 55,613 access requests (15.26%), 2,325 sessions (15.62%)

Fig.4.21 shows the percentage of “bad access" and “good access" requests. Bad ac-
cess requests include irrelevant and noise requests from search engines requests and
requests that resulted in an erroneous status code. Good access requests are the
remaining non-error generating requests. Just looking at the figure shows the impor-
tance of the preprocessing phase, because all these bad requests (around 85%) would
have adversely affected the resulting profiles discovery. Typically graphics requests
may amount to 3-4 graphics per page or more (e.g. background picture, top banners,

etc), that is why they end up being the majority of requests.
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Figure 4.21: U of LL Library: Access Requests

U of L Library Access
Requests

Table 4.5 shows the list of all profiles that resulted from mining this dataset at
the last time period (March 2). These profiles are the result of using Robust Weight
Similarity with threshold value of 0.6, and URL threshold value of 0.1. Only URLs
with weight greater than 0.1 are shown. URLs were sorted in a descending order by

the URL significance weight.

4.5.2 Profile Variances

The profiles evolution over time is shown in the Figures 4.22, 4.23, 4.24, and 4.25.
Since the number of profiles is large for some configurations (about 50), they were
separated in twé graphs for the same configuration to avoid clutter: one for the highest
cardinality profiles, and the other for the lower cardinality profiles. Separating profiles
based on cardinality makes the comparison more accurate, because a low cardinality
profile is much more sensitive to changes than a higher cardinality profile.

Fig.4.22 shows the profile variances when using a URL threshold of 0.04 and Binary
Cosine Similarity for matching sessions. Figs.4.22(a) and (b) show that the majority
of profiles (both high and low cardinality) start with low variance, then increase a

little bit until they stabilize, which indicates good quality profiles. However, the
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Table 4.5: U of L Library: Final Profiles for RobWT (0.6) and URL TH(0.1)

Profile | Url# | Card | Variance Content

0 2 667 0.0229 /, /promo/bookplates.swf,

1 78 1747 | 0.291953 | /kornhauser,

2 S 157 0.088875 { /research/sub/dbsA.htmi, /research/sub/dbsDE.htmi, /research/sub/dbsP.html,

3 S 724 0.100414 | /, [research/sub/dbsA.html, /promo/bookplates.swf,

4 7 102 0.056861 | /research/sub/dbsA.html, /research/sub/dbsJKL.htmi, /, /promo/bookplates.swf, /research/sub/dbsDE.html,
/[research/sub/dbsA.html, /top/subjects.html, /, /promo/bookplates.swf, /research/sub/dbsDE.html, /research/sub/dbsP.html,

5 18 61 0.186887 | /research/sub/dbsIKL html, /research/business/index.htmi, /top/tools.html, /research/panafrican/index.html, /research/health/index.html,
/research/sub/dbsNO.html,

6 6 45 0.059365 | /research/sub/dbsA.htmi, /research/sub/dbsM.html, /, /promo/bookplates.swf,

7 1 386 0.005511 | /music,

8 2 100 0.00968 /music/tistenonline.html, /music,

9 6 77 0.056598 | /, /music, /promo/bookplates.swf, /music/listenonline. html,

10 2 264 | 0.110867 | /government/news/otherlinks/otherlinks.html, /,

11 4 56 0.112673 | /ekstrom, /research/sub/dbsA.html,

12 3 65 0.055307 | /art, /promo/bookplates.swf,

13 1 159 0.007119 | /forms/z.htm,

14 1 154 [ 0.004239 | /ekstrom/special/moi/moi-people0l.html,

15 9 9% 0.224964 /top/subjects.html,. /, [research/communication/index.html, /research/anthropology/index.htm!, /promo/bookplates.swf,
/research/general/index.htmi,

16 2 64 0.139356 | /government/periodicals/periodall.html,

17 3 1166 | 0.071876 | /, /oromo/bookplates.swf,

18 S 83 0.02923 /research/sub/dbsA.html, /research/sub/dbsP.html, /, /promo/bookplates.swf,

19 5 36 0.058454 | /research/sub/dbsJKL.html, /research/sub/dbsA.html, /, /ekstrom,

20 8 78 0.094318 | /research/sub/dbsA.html, /research/sub/dbsDE.htmi, /, /promo/bookplates.swf, /research/sub/dbsJKL.html,

21 8 41 0.108382 | /research/sub/dbsWXYZ.html, /research/sub/dbsA.html, /, /promo/bookplates.swf, /top/subjects.html,

2 10 49 0.108915 /research/sub/dbsA.html, /research/sub/dbsS.html, /, /promo/bookplates.swf, /research/sub/dbsWXYZ.htmi, /top/subjects.htmi,
/research/sub/dbsDE.html,

23 11 90 0.252119 | /research/sub/dbsA.html, fresearch/sub/dbsNO.html, /, /research/sub/dbsB.html, /top/subjects.html,

24 3 99 0.052191 | fili,/,

25 2 48 0.142716 | /government/goodsources/factbook.html,

26 2 49 0.03262 fart, /,

27 8 45 0.180277 | /ekstrom, /, /ekstrom/hours/index.html, /job, /services/index.htmi,

28 4 105 0.322663 | /government/news/otherlinks/otherlinks.html,

29 2 450 0.0233 /promo/bookplates.swf, /,

30 6 62 0.094646 | /research/sub/dbsA.htmi, /research/sub/dbsS.html, /research/sub/dbsWXYZ html, /research/sub/dbsC.html,

31 4 445 0.120767 | /, /research/sub/dbsA.html,

32 5 39 0.054863 | /research/sub/dbsA.htmi, /research/sub/dbsDE.html, /,

33 4 41 0.043474 | [research/sub/dbsA.html, /research/sub/dbsNO.html, /, /research/sub/dbsDE.html,

34 4 50 0.0783 /research/sub/dbsA.html, /research/sub/dbsP.htmi, /research/sub/dbsIKL.htmi, /top/subjects.html,

35 1 58 0.024124 | fill,

36 1 35 0.011143 | /art,

37 6 33 0.129325 | /dlls, /dils/database, /, /dlls/guide, /dlis/forms,

38 3 549 | 0.080418 | /, /promo/bookplates.swf,

39 7 124 0.140677 | /research/sub/dbsA.html, /, /research/sub/dbsP.html, /research/sub/dbsJKL html, /research/sub/dbsDE.html, /research/sub/dbsNO.htm,

40 8 41 0.140021 | /ekstrom, /, /promo/bookplates.swf, fekstrom/hours/index.html, /kornhauser,

41 1 41 0.01061 | /kornhauser/forms/webform.html,

42 2 705 | 0.085 /, /promo/bookplates.swf,

43 4 48 0.2716 /ekstrom, ftop/subjects.html, /ekstrom/hoursfindex.html,

24 s 182 0.34 /research/sub/dbsA.html, /top/subjects.htmi, /research/sub/dbsDE.html, /research/business/index.html, /, /research/sub/dbsP.html,
/research/sub/dbsJKL.html, /promo/bookplates.swf,

45 2 29 0.0873 /government/states/kentucky/kylit/berry.html, /government/states/kentucky/kylit/berryadd.html,

46 S 30 0.4754 /government/news/otherlinks/othertinks.html, /government/subjects/health/daterape.html,
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top three profiles (17, 18, and 26) have the highest cardinality and a relatively high
variance, and they don’t seem to improve over time, i.e. their variance stays almost
the same during evolution.

When using a stricter similarity threshold in Figs.4.22(c) and (d), the quality
of profiles seems to improve. The majority of profiles start with and keep a stable
low variance over time, and the high cardinality profiles even seem to improve their
variances, e.g. profile number 1. Therefore, an initial conclusion from these results is
that a stricter similarity threshold resulted in better quality profiles, since only close

sessions are used to update profiles.

Fig.4.23 shows the profiles evolution for a higher URL threshold (0.1) and using
Binary Cosine Similarity. Figs.4.23(a) and (b) shows that all profiles are of high
quality with variance less than 0.5. However, some of them have a tendency to
increase their variance. Figs.4.23(c) and (d) (with strict matching) show more stable
variance values with the majority under 0.3, with the exception of the profile with
highest cardinality (profile 1) which starts with high variance and later improves its
variance. The results shown in this figure point to a more desirable behavior than
the ones in Fig.4.22. Hence, a higher URL threshold caused more stability and better

quality of profiles.

For the Robust Weight Similarity, Fig.4.24 shows the variance evolution when
using 0.04 as the URL weight threshold value. For 0.3 similarity threshold, fewer
profiles are developed and their profile variances are shown in Fig.4.24(a), which shows
that profiles starting with low cardinality have increased their variances slightly, while
profiles with higher cardinality started with high variance and then decreased their

variances, with most profiles finally stabilizing around an average variance of 0.5.
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Figure 4.22: U of L Library: Evolution of Profile Variances (CosSim , URL TH(0.04))
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Figure 4.23: U of L Library: Evolution of Profile Variances (CosSim, URL TH(0.1))
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Figs.4.24(b) and (c) show that more profiles were discovered with a higher match-
ing threshold. The majority of profiles have stable variance changes, except the
highest cardinality profiles which start with high variance that later start decreas-
ing slightly. As in Fig.4.22, we can conclude that a stricter matching threshold has
resulted in higher quality and more detailed profiles. Comparing the results from
this configuration to Figs.4.22(c) and (d), we can see that both seem to show similar
behavior. Thus, using the two methods of similarity (CosSim and RobWT) with a
more restricted threshold value can be expected to cause the majority of profiles to

have low and stable variance evolution over time.

Fig.4.25 shows the variances when using a more restrictive URL threshold value
of 0.1. Fig.4.25(a) shows a similar behavior to Fig.4.24(a), where a low number
of profiles were discovered with the majority of profiles having low variances, that
increased slightly with the exception of the highest cardinality profile, for which the
variance decreased from a high value to an average value.

The last configurations in Figs.4.25(b) and (c) show the best quality of profiles,
because most profiles began with a small variance and they kept improving , in
contrast with the other configurations where the variances either remained the same
or increased. Even the high cardinality profiles which started with high variance,
drastically decreased in their variance with time to a low value.

An overall conclusion can be drawn that more restrictive threshold values com-
bined with the use of the profile-sensitive Robust Weight Similarity tend to result in

very high quality profiles over time.

To study the overall evolution behavior profile quality, Fig.4.26 shows the min-

imum, maximum, median, and average variance of the final profiles at the end of
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Figure 4.24: U of L Library: Evolution of Profile Variances (RobWT , URL TH(0.04))
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Figure 4.25: U of L Library: Evolution of Profile Variances (RobWT , URL TH(0.1))
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evolution. As was noticed in Fig.4.5 for the smaller Missouri dataset, the minimum,
median, and average variance remained stable and within the same range for all dif-
ferent configurations. The median and average variances indicate that the overall
quality of profiles is good, since their values are low (<0.2). However, this result
should be taken in context with the final number of profiles which will be discussed
next.

Fig.4.26(a) shows that moving the URL weight threshold value from 0.04 to a
more restrictive value of 0.1 caused the maximum variance to drop drastically. On
the other hand, the value of the cosine similarity threshold did not seem to have any
effect. The decrease in variance can be explained because the binary cosine similarity
is computed based on the number of common URLs between a profile and a session.
So a larger number of URLs (due to a lower URL threshold) will help increase this
similarity and hence increase the chance of sessions passing the thresholding test.
Since URL weight threshold is applied in both post-processing and updating phases,
all profiles would have either more or less URLs. In case of using a low value for URL
weight threshold, the number of URLs in the profile is more than when using a 0.1
threshold value. Therefore more sessions will pass the thresholding test, and lower
quality profiles are thus generated. This is why the maximum variance value is more
sensitive to the URL weight threshold.

Fig.4.26(b) shows an opposite behavior, where the similarity threshold has more
effect on the value of the maximum variance. In contrast to the Binary Cosine
Similarity, the Robust Weight Similarity takes into account the profile variance, not
just the number of URLs in the profile. Hence, if the profile has low variance, it
becomes harder for new sessions to match the profile. For this reason, changing the
number of URLs in the profile by changing the URL threshold value will not have

the same affect as it had when using the Binary Cosine Similarity.
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Figure 4.27: U of L Library: Profile Counts (Binary Cosine Similarity)
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4.5.3 Profile Evolution

The percentage of each type of profiles discovered/updated for each time period
when using the Binary Cosine Similarity is shown in Fig.4.27. The percentages of
profiles seem to be similar using the different configurations, with the exception of
Fig.4.27(c), where more profiles got updated on Feb 28th (Day 2) , and fewer dis-
tinct profiles where discovered on March 2nd (Day 5). In all four configurations, the

majority of profiles got updated, while a few profiles were discovered.

Figure 4.28 shows the profile percentages when using the Robust Weight Similarity
for matching. Figs.4.28(a) and (c) show similar behaviors, where the vast majority

of profiles got updated during all time periods. This can be explained for the low
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Figure 4.28: U of L Library: Profile Counts (Robust Weight Similarity)
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similarity threshold value of 0.3, which allows more sessions to match existing profiles
and thus update them.

Fig.4.28(b) and (d) show more restricted profile updates, with more new profiles
being discovered or old ones remaining the same. This is because the higher value of
similarity threshold decreases the chance that a new session would match an existing
profile, and hence would either create a new profile if enough such sessions agree on

a usage pattern, or would be discarded otherwise.

4.5.4 Matching vs. Distinct sessions

For a fixed configuration, the number of matching and distinct sessions may shed
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a light on which time periods have more usage behavior changes. Fig.4.29 shows
the percentages of matching and distinct session for each time period when using
the binary cosine similarity. All configurations show that at each time period, the
percentage of matching sessions was between 15% and 25%. These results can give
a better understanding about the real percentages of profiles and their types as dis-
cussed in the previous section, because Fig.4.27 showed that the majority of profiles
where updated, which seems to contradict what this figure suggests since the majority
of sessions are counted as distinct, so it seems that the majority of profiles should
be newly discovered instead of updated. This contradiction is due to the fact that
more distinct sessions do not necessary imply more new profiles to be discovered. For
example all the distinct sessions might be very close to each other, and thus generate

only one distinct profile.

Figure 4.30 shows the number of matching and distinct sessions when using the
Robust Weight Similarity. Fig.4.30(a) and (c) show similar behavior where the vast
majority of sessions got matched. This is due to the loose similarity threshold value
of 0.3, which is compatible with the findings in Fig4.28(a) and (c) where most profiles
got updated.

Fig.4.30(b) and (d) show a completely opposite behavior to Fig.4.30(a) and (c)
where the majority of sessions are treated as distinct. This is reflected in Fig.4.28(a)
and (c) where some profiles were distinct. As discussed above, the large number of
distinct sessions does not necessarily mean that a large number of new profiles will

be discovered.

The overall trend of matching sessions is shown in Fig.4.31, which shows that

for the binary cosine similarity, the percentage of matching sessions is similar for all
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Figure 4.29: U of L Library: Matching vs. Distinct Sessions (Binary Cosine Similar-
ity)
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Figure 4.30: U of L Library: Matching vs. Distinct Sessions (Robust Weight Simi-
larity)
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~ Figure 4.31: U of L Library: Matching Sessions Percentage
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configurations. However, for the robust weight similarity, the percentage gets much

higher when the matching threshold is lower.

4.5.5 Profile Cardinality

The profile cardinality represents how popular and important a profile is. In
Fig.4.32, the cardinality of the profiles with maximum and minimum variance is
plotted for each configuration.

Fig.4.32(a) presents the results when using the binary cosine similarity, and it
shows that the lower URL weight threshold caused the highest quality profile (i.e.
with minimum variance) to have a high cardinality, while a higher URL threshold
value caused the high quality profiles to have fewer sessions. However, when it comes
to the lowest-quality profile (i.e. the one with high variance), the similarity threshold
value was the main factor affecting the cardinality, since a higher threshold causes
the profile with maximum variance to acquire more sessions.

Fig.4.32(b) shows the results when using the robust weight similarity. The cardi-

nality of the high quality profile (with low variance) remains the same for all different
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Figure 4.32: U of L Library: Cardinality of Max and Min Sigma
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configurations. However, the cardinality of the profile with maximum variance is sen-
sitive only to the similarity threshold value, where a high threshold value causes the

cardinality to decrease, while a lower threshold value causes higher cardinality.

For a more detailed view of the profile quality, the cardinalities of each profile
at each time period are plotted. Fig.4.33 shows the cardinality percentage of each

profile at each time period when the Binary Cosine Similarity. The cardinality of the
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Figure 4.33: U of L Library: Evolution of Profile Cardinality Percentages (CosSim)
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profile at each time period represents all sessions that matched this profile up to (and
including) that time period. The cardinality is always normalized by the sum of all
profiles cardinalities. The profiles are ordered (in a decreasing order) based on their
variance.

For all configurations, the majority of profiles are slightly decreasing in their
cardinality over time. This means that there is a high competition between profiles

over new sessions.

Fig.4.34 shows the profile cardinalities over time when using the robust weight
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Figure 4.34: U of L Library: Evolution of Profile Cardinality Percentages (RobWT)
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similarity. As seen in Fig.4.33, the majority of profiles for all configurations slightly
decrease their cardinality over time, with the exceptions of two profiles: one in
Fig.4.34(a) and one in Fig.4.34(c). Despite the increasing in their cardinality, these
two profiles have high variance, which means that they are of low quality; most likely,

they are the “default” clusters where all non-matching sessions are assigned.

4.5.6 Profiles Count

The number of profiles generated from the usage behavior is shown in Fig.4.35.
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Figure 4.35: U of L Library: Total Profiles Count
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Since HUNC is a hierarchical algorithm, a high number of profiles indicates more
detailed profiles, which is desirable. Generally, detailed profiles are of good quality,
while a general profile can be considered of low quality, and should be split into
multiple detailed profiles. However, the larger number of profiles typically causes low
cardinality, since the sessions are distributed over more profiles. Thus, these profiles
become more sensitive to any updates and might change their behavior more often.
The number of profiles, when using the binary cosine similarity, is mostly the same
for different configurations, whereas using the robust weight threshold generates a
lower number of profiles for the lower (0.3) threshold value, and a larger number of
profiles for the higher (0.6) threshold value. A more detailed analysis of the profile

types was done in Section 4.5.3.

4.5.7 Profile Pair-wise Similarity

A powerful evaluation metric is to find how similar the profiles that result from
the pattern discovery are to each other. If profiles are too similar to each other, then

this would indicate that the updating algorithm was not able to match the new logs
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Figure 4.36: U of L Library: Profile Pair-wise Similarity Aggregates
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with the existing profiles accurately.

A difference matrix consisting of the pair-wise similarities between every two pro-
files at the end of evolution was calculated. The maximum, minimum, average, and
median pair-wise similarities are plotted on Fig.4.36, as well as the percentage of du-
plicate profiles. Duplicate profiles are those whose difference is less than 0.01. This
translates to profiles who are at least 90% similar to each other (using the binary
cosine similarity).

Both Figs.4.36(a) and (b) show similar trends, where the maximum and median
dissimilarity is one (which means the majority of profiles are completely different),
while the average difference is around 0.7 which can be translated to profiles which are
only 16% similar. The minimum profile dissimilarity is close to zero, which means that
these two profiles are too similar to each other. The percentage of duplicate profiles
is almost zero in all cases (it is zero in some configurations), which means that the
total number of duplicate profiles is extremely low, which supports the objective of
this thesis of developing high quality, distinct, and evolving profiles through different

time periods.
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4.5.8 Profile Density

Fig.4.37 shows the profile densities over time when using the Binary Cosine Sim-
ilarity. The profiles were ordered based on their variance (in decreasing order).

Most profiles maintain a stable density over time for all configurations. Some of
them decrease their density slightly as in Fig.4.37(a), which means that the variance
is increasing (since the cardinality does not decrease over time), and this increase in
variance is due to the profile being updated by new sessions which are not very similar
to existing ones in the profile. This happens because of the low similarity threshold

value used (0.3).

Fig.4.38 shows the profile densities when using the Robust Weight Similarity. All
configurations show better results than the results shown in Fig.4.37 which uses the
Binary Cosine Similarity instead. In Fig.4.38 more profiles are improving their quality
(increase their density) over time. This supports conclusions reached in figures 4.24
and 4.25, where the variances are decreasing over time, and profiles are becoming more
compact (hence of higher quality). This consistent increase in densities may be the
ultimate judge that matching using the Robust Weights (which depend on accurate
variance estimates) yields the best quality profiles compared to Cosine Similarity

matching.

4.5.9 Evolution vs. Traditional (Full run)

The last criterion is the approach of pattern discovery, which is either evolutionary
-discussed in this thesis- where the pattern discovery is done through different time
periods, or traditional where the log data from all time periods is used in one shot to

discover usage patterns.
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Figure 4.37: U of L Library: Evolution of Profile Densities (CosSim)
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Figure 4.38: U of L Library: Evolution of Profile Densities (RobW'T)
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Figure 4.39: U of L Library: Traditional Profile Variances
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Fig.4.39 shows the profile variances when using the traditional discovery approach.
Profiles are ordered in a decreasing order based on their cardinality percentage. All
profiles are of good quality since their variance is low, where the highest variance is

only about 0.2.

Fig.4.40 shows the densities of the profiles discovered when using the traditional
discovery approach. The density represents the ration between the profile cardinality
and its variance. Profiles are order in a decreasing order based on their cardinality
percentage. All profiles are of high quality since the density is high. Some of the
profiles generated using the evolutionary approach showed a comparable or higher

density as was seen in Fig.4.38.
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Figure 4.40: U of L Library: Traditional Profile Density
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Fig.4.41 compares the aggregate metrics for both discovery approaches (traditional
and evolution). The median, maximum, and average variances are less when using the
traditional approach than using the evolutionary approach. Fig.4.41(b) shows that
using the Robust Weight Similarity in the evolution mode has resulted in the minimum
profile variance for all configurations compared to using the Evolution mode’s Cosine
Similarity and compared to the traditional mode. This means that using the Robust
Weight Similarity evolution has discovered profiles (at least one) whose variance is
the least over all other approaches. However, this high quality profile might be the

result of only a few similar sessions.
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Figure 4.41: U of L Library: Evolution vs Traditional Variance Aggregates
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4.6 Experimental Design

An experimental design analysis was conducted on the University of Louisville dataset
to find the significance of the configuration parameters on some of the evaluation
metrics.

The factors used in experimental design analysis are listed in Table 4.6. For
the “Discovery Approach” factor, the value 0 represents the “Evolution” mode, and
1 represents the “ITraditional” discovery mode. The similarity matching method is
encoded as 0 for the Binary Cosine Similarity and 1 for the Robust Weight Similarity.
The similarity threshold has two levels: 0.3 and 0.55. During experiments, the value
of 0.5 was used as the Binary Cosine Similarity threshold, whereas the value 0.6 was
used for the Robust Weight Similarity threshold. However, to have a standardized
view of the similarity threshold factor, the average of the two thresholds was used, so
as to have only 2 levels instead of 3. The value of 0.05 is used as the sigma value o.

Table 4.7 shows the response variables used in experimental design. Table 4.8
shows the data used in the experimental design analysis.

The results of experimental design, which are in Appendix A , showed that the
URL weight threshold value and the profile discovery mode (evolution versus tradi-
tional) proved to be the most significant factors on profile variances and cardinalities
(with small p-value), the similarity method (Cosine Binary versus Robust Weight)
proved significant to some of the response variables (profile variances and densities),
and the similarity threshold proved significant to some of the response variables (pro-

file variances and number of profiles).
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Table 4.6: Experimental Design Factors

| Factor | Number of Levels | Level Values |
Discovery Approach 2 0,1
Similarity Matching Method 2 0,1
URL Weight Threshold 2 0.04, 0.1
Similarity Threshold 2 0.3 ,0.55

Table 4.7: Experimental Design Responses

L

Response

| Level Values |

Max Variance

[0-1

Average variance

[0-1

Number of Profiles

[1 - #sessions]

Cardinality % of Profile with Max Variance (0-1]
Percentage of Duplicate Profiles [0-1]
Profiles Density Average [1-00]

Table 4.8: Experimental Design Data Table

Disc Sim. Match. | URL Wt Sim.Thr Max var Avg.Var | Num. | Card.%of Dupl. % - | Den. Avg.

Approach Method Thr Profdes | Priwith

max var.
0 0 C 04 0.30 0666092 0203 47 6.5 0.012025¢ 35536
i} i) 0.04 055 0.951000 Q185 49 2 0.00265496 2442 2
Q ] 016 030 0.43507% 0,194 40 04 0.0102564 34673
0 ] 010 Q.55 0.428800 0.138 43 03 0.0066445 29750
0 | 0.04 0.30 (.460281 0.13¢ 21 5073 0.0285714 4380.6
0 | 0.04 0.55 0.962000 0.158 a0 6.7 0.0043980 4095 6
0 ! G 10 0.30 0448205 0.129 22 619 0.0518481 101868
0 | 16 055 0.475400 0111 47 03 0.012025¢ 56719
| 4] 0.04 0.30 0203400 0078 al 04 0.00184939 7867.0
| 9 0.04 0.55 0.203600 0.078 Al 04 0.0016939 7867.0
| a G 10 0.30 0 203400 0.078 61 04 0.001843¢ 7867.0
| 0 010 0.55 0.203000 0078 3] 04 0.0018939 7867.0
| | 0.04 0.30 0203400 0078 [2}] 04 0.0018939 7867.0
1 1 (.04 055 0.203800 0078 Bl 04 0.0018934 7867.0
| 1 010 0.3C 0.203400 0.078 61 04 0.0018939 7867.0
| | G.10 055 0203900 0.078 51 04 00018939 7867 .0
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4.7 Summary

Chapter 4 presented the results of applving the proposed framework on two
datasets: University of Missouri CECS department’s website logs, and University
of Louisville’s Library website logs. Each of the evaluation metrics and the proposed
framework’s parameters were discussed.

The results of the experiments showed that using the Robust Weight Similarity
with a high similarity threshold value of 0.6, and a strict URL weight threshold of
0.1, gives the best results. The compactness of the profiles for this configuration kept
improving over time, as seen in Figures 4.4 and 4.25. A lower profile variance means
that the sessions are more similar to the profile. The higher quality of the profiles
has made these profiles able to match more incoming new sessions, as seen in figures
4.7(d) and 4.28(d), where the majority of the profiles got updated. Moreover, this
configuration resulted in more detailed profiles, where the average number of profile
was around 20 when mining the University of Missouri CECS department’s dataset
and around 50 when mining the University of Louisville’s Library dataset, as seen
in Figures 4.14 and 4.35 respectively. These detailed profiles were also very different
from each other (based on the profile pair-wise similarity measure), as seen in Figures
4.15(b) and 4.36(b), where the percentage of duplicate profiles was almost 0 for both
cases. The profile quality using this configuration was further confirmed when the
density of profiles was found to be increasing over time, as seen in Figures 4.17 and
4.38. The consistent increase in densities may be the ultimate judge that matching
using the Robust Weights (which depend on accurate variance estimates) yields the
best quality profiles compared to Cosine Similarity matching.

The results of experimental design showed that the URL weight threshold value
and the profile discovery mode (evolution versus traditional) proved to be the most
significant factors on profile variances and cardinalities (with small p-value), the sim-

ilarity method (Cosine Binary versus Robust Weight) proved significant to some of
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the response variables (profile variances and densities), and the similarity threshold
proved significant to some of the response variables (profile variances and number of

profiles).
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CHAPTER 5

CONCLUSION

The increasing importance of the user has challenged online organizations to start
tracking the behavior of their website users on the web, in order to better understand
and satisfy their needs, and hence, maintain the loyalty of current users and lure
new users. Since web usage data tends to be huge, heterogeneous, and continuously
growing and changing, traditional data management tools are neither feasible nor cost-
effective to handle them. Web usage mining is the process of discovering interesting
usage behavior over the World Wide Web. Many studies have been conducted to
adapt web usage mining to business needs, however, very few have tried to handle
the changing nature of the web user activities.

This thesis has presented an innovative and scalable framework that is capable of
capturing the changing behavior of users over the World Wide Web. The proposed
framework develops a set of evolving profiles that represent the usage pattern as a set
of URLs with varying degrees of significance. These profiles can be considered as rep-
resentatives of usage behavior at any given time. The proposed framework is applied
each time that new data becomes available. It tries to match these transactions with
previous user behavior (as in collaborative filtering), uses matching transactions to
update the old profiles, and subjects new (non-matching) transactions to a new pat-

tern discovery process using the Hierarchical Unsupervised Niche Clustering (HUNC)
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algorithm.

The resulting profiles are formulated in way that makes it intuitive to utilize them
in higher-level applications to meet business goals such as web recommendations,
web personalization, and user-driven web content. These evolving profiles also allow
a better understanding of the changing interests of visitors to a website.

The proposed framework was applied on the web server logs of two real web sites:
University of Missouri’s CECS department website, and University of Louisville’s Li-
brary website. The developed usage profiles were evaluated using a set of metrics
including the profile variance (how much the sessions in a cluster are dispersed or dif-
ferent from each other), profile cardinality (how many sessions the profile represents),
the percentage of matching transactions (to which degree are the new transactions
similar to older profiles), profiles’ pair-wise similarity (how similar the developed pro-
files are to each other), the profile density (which is the ratio of the profile variance
and cardinality), and the total number of profiles and their types (new, distinct, or
static).

To find high quality profiles, several parameters were varied within different config-
urations. These parameters include the matching method which could be the Binary
Cosine Similarity or the Robust Weight Similarity (which is variance-sensitive), the
similarity threshold value which controls how strict this matching is, and the URL
significance weight threshold which controls the quality of URLs allowed in the profile.
Moreover, the profiles resulting from the evolution mode of discovery were compared
to the traditional mode, where all the available data is mined in one shot.

The experiments have showed that the output quality should be evaluated by scru-
tinizing the different parameter configurations, and observing the evaluation metrics
from different perspectives, because there is always a trade-off between different qual-
ity measures. For example, an increase in the profile cardinality (number of sessions

assigned to the profile) might cause a decrease in the profile’s compactness (i.e. higher
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variance), which may not be desirable.

The results of the experiments also showed that using the Robust Weight Similar-
ity with a high similarity threshold value of 0.6, and a strict URL weight threshold
of 0.1, gives the best results. The compactness (variance) of the profiles for this
configuration kept improving over time, the higher quality of the profiles has made
them match more incoming new sessions, more detailed profiles were discovered, and
those detailed profiles were also very different from each other (as verified by the low
profile pair-wise similarity measures). The profile quality using this configuration was
further confirmed when the density of profiles was found to be increasing over time.
The consistent increase in densities may be the ultimate judge that matching using
the Robust Weights (which depend on accurate variance estimates) yields the best
quality profiles compared to Cosine Similarity matching.

The proposed framework’s output patterns were comparable to the ones resulting
from the traditional pattern discovery mode. The latter can be considered as the
best output possible since all usage data is mined at once (instead of at different time
periods as in the proposed approach). Having said that, the proposed framework
has still shown desired behavior and resulted in high quality profiles that are good
representatives of the users’ browsing behavior at any given time. Most importantly,
the proposed framework has the critical advantage of enabling scalability in handling
very large usage data that makes it impossible to mine all patterns in one shot.

The results of experimental design showed that the URL weight threshold value
and the profile discovery mode (evolution versus traditional) proved to be the most
significant factors on profile variances and cardinalities (with small p-value), the sim-
ilarity method (Cosine Binary versus Robust Weight) proved significant to some of
the response variables (profile variances and densities), and the similarity threshold
proved significant to some of the response variables (profile variances and number of

profiles).
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This thesis has achieved its objectives, and succeeded in providing the means to
track usage changes over the web. However, this framework can be improved further.
As part of future work, experiments on more challenging datasets could be conducted,
and more parameters, such as HUNC parameters, could be studied in the evaluation
experiments. A forgetting factor could also be considered so that new data would
have more importance compared to older data as in [7]. Also, developing a high-level
application, such as a recommendation system, that uses the generated profiles could

give more insight when evaluating the performance of proposed framework.
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APPENDIX A

Max Variance:

General Linear Model: Sigma Max versus Method, Matching Method, ...

Factor Type Levels Values
Method fixed 2 0,1
Matching Method fixed 2 0, 1
URL fixed 2 0.04,
Matching Sim fixed 2. 0.30,

0.10
0.55

Analysis of Variance for Sigma Max, using Adjusted SS for Tests

Source DF Seq SS Adj SS
Method 1 0.76852 0.76852
Matching Method 1 0.01243 0.01243
URL 1 0.15228 0.15228
Matching Sim 1 0.01668 0.01668
Error 11 0.31402 0.31402
Total 15 1.26393

Adj Ms
0.76852
0.01243
0.15228
0.01668
0.02855

S = 0.168959 R-Sq = 75.16% R-Sq(adj) = 66.

F P
26.92 0.000
0.44 0.523
5.33 0.041
0.58 0.461
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General Linear Model: Sigma Max versus Method, URL

Factor Type Levels Values
Method fixed 2 0; 1
URL fixed 2 0.04, 0.10

Analysis of Variance for Sigma Max, using Adjusted SS for Tests

Source DF Seq SS Adj SS  Adj MS F P
Method 1 0.76852 0.76852 0.76852 29.12  0.000
URL 100515228 005152280 =0 515228 5.7 -—0:032
Error 13 0.34313 0.34313 0.02639
Total 15 1.26393
S = 0.162463 R-Sq = 72.85% R-Sq(adj) = 68.68%
Residual Plots for Sigma Max
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General Linear Model: Sigma Max versus Method, URL

Factor Type Levels Values
Method fixed 2 0, 1
URL fixed 2 0.04, 0.10

Analysis of Variance for Sigma Max, using Adjusted SS for Tests

Source DF Seq SS Adj SS Adj MS F P
Method 1°--0.76852 0.76852 0.76852 48.32  0:000
URL 1 0.15228" 0.15228:20515228 9558 0009
Method*URL 1--0.15228- - 0.15228: 0.15228 915840009
Error 12 0.19084 0.19084 0.01590

Total 15 1.26393

S = 0.126110 R-Sq = 84.90% R-Sqg(adj) = 81.13%

Interaction Plot for Sigma Max
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Main Effects Plot for Sigma Max
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Variance Average:

General Linear Model: Sigm Avg versus Method,

Factor Type Levels Values
Method fixed 2 0, 1
Matching Method fixed 2 0y 1

URL fixed 2 0:04, 0.10
Matching Sim fixed 2 0.30, 0.55

Analysis of Variance for Sigm Avg, using Adjusted SS for Tests

Matching Method,

Source DF Seq SS Adj SS Adj MS F P
Method 1 0.0252565 0.0252565 0.0252565 59.62 0.000
Matching Method 1 0.0021011 0.0021011 0.0021011 4.96 0.048
URL 1 0.0008100 0.0008100 0.0008100 1.91 0.194
Matching Sim 1 0.0003383 0.0003383 0.0003383 0.80 0.391
Error 11 0.0046596 0.0046596 0.0004236
Total 15 0.0331655
S = 0.0205815 R-Sqg = 85.95% R-Sq(adj) = 80.84%
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General Linear Model: Sigm Avg versus Method, Matching Method

Factor Type Levels Values
Method fixed 2 0, 1
Matching Method fixed 2 0,1

Analysis of Variance for Sigm Avg, using Adjusted SS for Tests
Source DF Seq SS Adj SsS Adj MS F P
Method 1 0.025256 0.025256 0.025256 56.53 0.000
Matching Method 1 0.002101 0.002101 0.002101 4,70 0.049
Error 13 0.005808 0.005808 0.000447
Total 15 0.033165
S = 0.0211368 R-Sq = 82.49% R-Sqg(adj) = 79.79%
Residual Plots for Sigm Avg
Normal Probability Plot Versus Fits
P9 0.04
®
4 e
0 0.021 s
# E . °
g 50 e S 000
[9] Q @
o 4 @ ®
10 @ -0.02-
®
11, ; ; ; . -0.044, . : ° :
-0.050 -0.025 0.000 0.025 0.050 0.06 0.09 0.12 0.15 0.18
Residual Fitted Value
Histogram Versus Order
0.041
4.81
Z 36 = 0.02 -
] 3
=]
2 24 3 v
g &
w 1.2 -0.021
0.0 | - l . ; r . . . . -004n
-0.04 -0.03 -0.02 -0.01 0.00 0.01 0.02 0.03 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Residual Observation Order

General Linear Model: Sigm Avg versus Method, Matching Method

Factor Type Levels Values
Method fixed 2 0,1
Matching Method fixed 2 04 1

Analysis of Variance for Sigm Avg, using Adjusted

SS for Tests

Source DF Seq SS Adj SS Adj MS F P
Method 1 0.0252565 0.0252565 0.0252565 81.76 0.000
Matching Method 1 0.0021011 0.0021011 0.0021011 6.80 0.023
Method*Matching Method 1 0.0021011 0.0021011 0.0021011 6.80 0.023
Error 12 0.0037069 0.0037069 0.0003089

Total 15 0.0331655

S = 0.0175757 R-Sq = 88.82% R-Sqg(adj) = 86.03%
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Residual Plots for Sigm Avg
Normal Probability Plot Versus Fits
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Profiles Counts:

General Linear Model: Prf Num versus Method, Matching Method,

Factor Type Levels Values
Method fixed 2 0y 1
Matching Method fixed 2 0,1

URL fixed 2 0.04, 0.10
Matching Sim fixed 2 030, 0,55

Analysis of Variance for Prf

Source DF
Method 1
Matching Method il
URL 1
Matching Sim 1
Error 15
Total 15

S = 7.66448 R-Sq =

Seq SS
1785.06

95.06

14.06
217.56
646.19
2757.94

76.57%

Num, using Adjusted SS for Tests

Adj SS  Adj MS F P
1785.06 1785.06 30.39 0.000
95.06 95.06 1.62 0.230
14.06 14.06 0.24 0.634
217.56 217.56 3.70 0.081
646.19 58.74

R-Sq(adj) = 68.05%
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Residual Plots for Prf Num

Normal Probability Plot Versus Fits
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General Linear Model: Prf Num versus Method, Matching Sim

Factor Type Levels Values
Method fixed 2 05 1
Matching Sim fixed 2 0.30, 0.85

Analysis of Variance for Prf Num, using Adjusted SS for Tests

Source DF Seq SS Adj SS Adj Ms F P
Method 1 1785.1 1785.1 1785.1 30.72 0.000
Matching Sim 1 217.6 217.6 217.6 3.74 0,075
Error 13 755.:3 7853 5841

Total 15 2757:9

S = 7.62240 R-Sgq = 72.61% R-Sg(adj) = 68.40%
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Residual Plots for Prf Num

Normal Probability Plot Versus Fits
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General Linear Model: Prf Num versus Method, Matching Sim

Factor Type Levels Values
Method fixed 2 U A
Matching Sim fixed 2 0.30, 0.55

Analysis of Variance for Prf Num, using Adjusted SS for Tests

Source DF Seq SS Adj SS  Adj MS F P
Method 1 1785.06 1785.06 1785.06 39.83 0.000
Matching Sim 1 217.56 217.56 217.56 4.85 0.048
Method*Matching Sim 1 217.56 217.56 217.56 4.85 0.048
Error 12 B37 .75 a7 78 44.81

Total 15 2757.94

S = 6.69421 R-Sg = 80.50% R-Sg(adj) = 75.63%
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Residual Plots for Prf Num
Normal Probability Plot Versus Fits
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Cardinality of profile with maximum sigma:

General Linear Model: Card versus Method, Matching Method,

Factor Type Levels Value
Method fixed 2 0 1
Matching Method fixed 2 0y 1
URL fixed 2 0.04,
Matching Sim fixed e 0.30;

Analysis of Variance for Card, using Adjusted SS for

s

0.10
0.55

Source DF Seqg SS Adj S8S Adj MS F
Method 1 I221.3 1221.3 1221.3 4.06
Matching Method 1 808.3 808.3 808.3 2.68
URL L 174 17.4 17.4 0.06
Matching Sim L 806.8 806.8 806.8 2.68
Error 11 3812.5 3312:5 S0L:L
Total 15 6166.4

S = 17.3532 R-Sq = 46.28% R-Sqg(ad

1 -
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Residual Plots for Card
Normal Probability Plot Versus Fits
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General Linear Model: Card versus Method, Matching Method,
Matching Sim

Factor Type Levels Values
Method fixed 2 @y i
Matching Method fixed 2 Oy 1
Matching Sim fixed 2 0.30, 0.55

Analysis of Variance for Card, using Adjusted SS for Tests

Source D
Method

F Seq 8§ Adj SS Adj MS F
1 1221.34 1221.34 1221.34 147.68
Matching Method 1 808.31 808.31 808.31 97.74
Matching Sim 1 806.83 806.83 806.83 97.56
Method*Matching Method 1 808.31 808.31 808.31 97.74
Method*Matching Sim 1 806.83 806.83 806.83 97.56
Matching Method*Matching Sim 1 824.30 824.30 824.30 99.67
Method*Matching Method*Matching Sim 1 824.30 824.30 824.30 99.67
8
B

Error 66.16 66.16 B:27
Total 1 6166.38
Source P
Method 0.000
Matching Method 0.000
Matching Sim 0.000
Method*Matching Method 0.000
Method*Matching Sim 0.000
Matching Method*Matching Sim 0.000
Method*Matching Method*Matching Sim 0.000

Error

S = 2.87580 R-Sq = 98.93% R-Sq(adj) = 97.99%
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Residual Plots for Card
Normal Probability Plot Versus Fits
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Number of duplicate profiles:

General Linear Model: Duplicate versus Method, Matching Method,

Factor Type Levels Values
Method fixed e 05 1
Matching Method fixed e Oy L

URL fixed 2 0.04, 0.10
Matching Sim fixed 2 0.30, 0.58

Analysis of Variance for Duplicate, using Adjusted SS for Tests

Source DF Seq SS Adj ss Adj MS F P
Method 1 0.0008105 0.0008105 0.0008105 7.44 0.020
Matching Method 1 0.0002711 0.0002711 0.0002711 2.49 0.143
URL 1 0.0000669 0,0000669 0.0000669 0.61 0.450
Matching Sim 1 0.0003665 0.0003665 0.0003665 3.36 0.094
Error 11 0.0011990 0.0011990 0.0001090

Total 15 0.0027140

S = 0.0104405 R-Sq = 55.82% R-Sqg(adj) = 39.76%
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Normal Probability Plot
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Residual Plots for Duplicate

Versus Fits
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General Linear Model: Duplicate versus Method, Matching Method,

Factor Type Levels Values
Method fixed e 0, L
Matching Method fixed % Qp 4

URL fixed 2 0.04, 0.10
Matching Sim fixed 2 0.30, 0«55

Analysis of Variance for Duplicate, using Adjusted S8

Source

Method

Matching Method

URL

Matching Sim

Method*Matching Method

Method*URL

Method*Matching Sim

Matching Method*URL

Matching Method*Matching Sim

URL*Matching Sim

Method*Matching Method*URL

Method*Matching Method*Matching Sim

Method*URL*Matching Sim

Matching Method*URL*Matching Sim

Method*Matching Method*URL*
Matching Sim

Error

Total

D

F
1
1
1
1
1
1
il
1
1l
1
1
1
ol
1
il

o

Seq S8
.0008105
.0002711
.0000669
.0003665
.0002711
.0000669
.0003665
.0000500
0001601
.0000069
.0000500
.0001601
.0000069
0.0000303
0.0000303

OO0 O0OO0OO0ODO0OO0ODO0OO0OO OO

*

0.0027140
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Adj 88
.0008105
.0002711
.0000669
.0003665
.0002711
.0000669
.0003665
.0000500
.0001601
.0000069
0.0000500
0.0001601
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0.0000303
0.0000303

0000000000

*

Adj MS
0.0008105
0.0002711
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Profiles Density :

General Linear Model: Density versus Method, Matching Method, ...

Factor Type Levels Values
Method fixed e MU 1
Matching Method fixed 2 0; 1

URL fixed 2 0,04, 0.10
Matching Sim fixed 2 0sdQ, 0,58

Analysis of Variance for Density, using Adjusted SS for Tests

Source DF Seq S8 Adj ss Adj MS F P
Method 1 25658023 25658023 25658023 8.35 0.015
Matching Method 1 19797772 19787772 19797772 6.44 0.028
URL al 232358 232358 232358 0.08 0.788
Matching Sim ik 6894093 6894093 6894093 2.24 0.162
Error 11 33810800 33810800 3073709

Total 15 86393045

S = 1753.20 R-Sq = 60.86% R-Sq(adj) = 46.63%

Residual Plots for Density

Normal Probability Plot Versus Fits
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General Linear Model: Density versus Method, Matching Method

Factor Type Levels Values
Method fixed 2 0, 31
Matching Method fixed 2 Oy 1

Analysis of variance for Density, using Adjusted SS for Tests

Source DF Seq SS Adj sS Adj MS F P
Method 1 25658023 25658023 25658023 8.15 0.014
Matching Method 1 19797772 19797772 19797772 6.29 0.026
Error 13 40937251 40937251 3149019

Total 15 86393045

S = 1774.55 R-Sqg = 52.62% R-Sg(adj) = 45.33%

Residual Plots for Density
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General Linear Model: Density versus Method, Matching Method

Factor
Method

Type Levels Values
fixed 2 0, 1
Matching Method fixed d D 3

Analysis of Variance for Density, using Adjusted SS for Tests

Source DF Seq SS Adj sS Adj Ms F P
Method 25658023 25658023 25658023 14.56 0.002
Matching Method 19797772 19797772 19797772 11.24 0.006
Method*Matching Method 19797772 19797772 19797772 11.24 0.006
Error 12 21139479 21139479 1761623
Total 15 86393045
§ = 1327.26 R-Sq = 75.53% R-Sqg(adj) = 69.41%
Residual Plots for Density
Normal Probability Plot Versus Fits
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Interaction Plot for Density

Fitted Means
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